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The use of Bayesian theory has been gaining popularity within the forensic anthropology 
community for its ability to model the way in which decisions are made based upon varying 
levels of confidence. However, many forensic anthropologists have been reticent to adapt 
Bayesian approaches given the general lack of knowledge in regards to this approach 
(Konigsberg and Frankenburg, 2013:153). The purpose of this thesis is to demonstrate how the 
application of an establish Bayesian framework can be used to determine likelihood ratios 
representing the probative value of skeletal lesions consistent with cancer for use in forensic 
personal identification. To do this, a sample of adult individuals from the William M. Bass 
Donated Skeletal Collection (BDSC) at the University of Tennessee who self-reported as having 
cancer near the time of death or having had a previous cancer diagnosis (n=302) was used to 
create likelihood ratios representing the weight of macroscopic lesions consistent with cancer in 
determining a correct identification of a skeleton. A random sample of these individuals (n=149) 
were analyzed for the presence/absence of macroscopic lesions and is the focus of this study. The 
sample size was then used to represent the “population at large” using Steadman, et al.’s (2006) 
likelihood ratio for pathological conditions of the skeleton as a model. These derived likelihood 
ratios represent the relative “weight” of evidence regarding identification when lesions consistent 
with cancer are present. The likelihood ratios can then be utilized within the likelihood ratio 
approach to identification established by Steadman, et al. (2006) to potentially support or refute a 
presumed identification of skeletal remains using antemortem records and postmortem skeletal 
data.   
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Chapter 1: Introduction 
The Problem 
 The process of victim identification using skeletal remains represents a primary focus of 
practical application for the field of forensic anthropology. Supporting possible identifications by 
comparing postmortem skeletal remains to match antemortem records is the foundation upon 
which the field traditionally has been conceived with the investigation of George Parkman’s 
murder in 1849 (Tersigni-Tarrant and Shirley, 2013). When we think of unique personal 
identifiers for an individual, a variety of biological characteristics often come to mind. When 
asked to describe a missing person, factors such as an individual’s biological sex, age, ancestry, 
and stature are common identifiers. However, so too are dental records and pathological history. 
While qualitative descriptions of an individual’s biological characteristics have traditionally 
predominated the field’s history, modern cases such as Daubert v. Merrill Dow Pharmaceuticals, 
Inc. (1993) have clearly demonstrated the need for better quantitative methods (Christensen and 
Crowder, 2009). Although statistically sound methods for estimating many of these values exist 
(Tersigni-Tarrant and Shirley, 2013), little research has been applied to modeling how these 
values affect our belief that we have correctly identified a set of skeletal remains to antemortem 
records. While the last decade has produced the application of confidence estimating models 
using characteristics of the skeleton (Adams, 2003a; Adams, 2003b; Steadman et al., 2006; 
Konigsberg et al., 2008; Konigsberg et al, 2009; Figura, 2011), expanding on the use of 
pathological conditions in the skeleton within these models has been limited.  
 Although modeling the use of pathological conditions as influencing identification was 
introduced with the use of other skeletal variables including sex, age, stature, and dentition by 
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Steadman et al. (2006), no research along these lines have since been explored for pathological 
categories other than the original use of lower leg fractures. As such, the matching of 
antemortem records displaying pathological conditions to postmortem skeletal remains has 
occurred primarily via traditional qualitative description (Christensen and Anderson, 2013; 
Cunha, 2006) with little statistic support to represent how, quantitatively, our belief should be 
affected by this evidence. Therefore, the groundbreaking approach set forth by Steadman et al. 
(2006) is as yet incomplete even a decade after its initial introduction.  
 In this thesis, I argue that the inclusion of other pathological categories into the 
framework setup by Steadman et al. (2006) will improve the ability of forensic anthropologists to 
communicate, in a quantitative manner, the effect of skeletal evidence on the probability of a 
correct identification. This will be accomplished specifically by exploring the probative value of 
lesions consistent with cancer in skeletal remains from a population of known cancer history, 
thus adding the pathological condition category of neoplastic conditions affecting the skeleton to 
the established framework. Addition of this category will serve as a proof of concept for 
incorporating further pathological conditions of the skeleton, such as metabolic disease, 
infectious disease, congenital disorders, etc. (see Ortner, 2003; Aufderheide and Rodríguez-
Martín, 2006).  
 The inclusion of multiple lines of evidence into a pre-existing framework is possible 
given the mutual use of Bayesian statistics in these studies. Bayesian statistics, first conceived by 
Reverend Thomas Bayes in the 18th century (Dale, 1982), describes how the probability of a 
given event is modified after the consideration of additional information. Essentially, the prior 
probability of an event is the original probability that it will occur before any other information is 
known. This prior probability is then modified by the inclusion of additional data, yielding the 
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posterior probability, or the overall final probability of an event after the consideration of all 
available data. In the scenario of personal identification, our prior probability would be the 
probability that a set of skeletal remains matches the antemortem records of a specific missing 
individual without consideration of any additional evidence than what is known at the time of 
recovery. One category of modifying data would be the results of anthropological analysis, 
including various biological characteristics of the individual discerned from the skeleton. Taken 
with other categories of modifying data (e.g. witness testimonies and other forensic analyses), 
the prior would then be transformed into the posterior probability of identification, or the overall 
likelihood that the skeletal remains belong to the missing individual in question (Taroni et al., 
2010; Steadman et al., 2006; Good, 1991).  
 Bayesian statistics are not a new phenomenon within the larger sphere of forensic 
science. These methods are already the basis by which DNA identifications are made and have 
been increasing in use within forensic science over the past four decades (Good, 1991; Aitken, 
2006; Taroni et al., 2010; Figura, 2011; Konigsberg and Frankenberg, 2013; Balding and Steele, 
2015). However, the application of these methods within an anthropological context has only 
recently begun to be explored. Steadman et al. (2006) demonstrated how a Bayesian approach to 
identification could be accomplished using a variety of biological characteristics of the skeleton 
to identify a single individual from a closed population of missing persons representing the 
“population at large”.  Building upon this probabilistic framework, Figura (2011) applied this 
methodology to disaster victim identification using the September 11, 2001 attack on the World 
Trade Center as an example. In addition to using anthropological data, Figura (2011) also 
included non-skeletal factors such as recovery location to determine the effect of this data on 
potential identifications. By introducing additional evidence into the probability framework 
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established by Steadman et al. (2006), Figura (2011) succeeded in expanding the utility of the 
method to become more holistic in terms of useable evidence types. Similarly, by exploring 
additional biological characteristics such as cancerous lesions, the current study will contribute 
to identification using skeletal remains.   
Cancerous lesions of the skeleton hold high diagnostic value as a category given the 
already rare manifestation of macroscopically visible cancer in bone. As a result, this category of 
pathological condition has exceptional potential for use as criteria by which to make correct 
identifications when applicable. By not including cancerous lesions, this Bayesian approach 
would not fully utilize the multiple lines of evidence available that can potentially affect an 
identification using an otherwise qualitative approach.  
 This study will explore the diagnostic potential of lesions consistent with cancer for the 
purposes of identifying unknown skeletal remains using a Bayesian approach that can be 
combined with compatible, independent, existing data (Steadman et al., 2006; Konigsberg et al., 
2008; Konigsberg et al., 2009; Figura, 2011). Additionally, this research further discusses the 
continued need for reliable quantitative approaches to identification in forensic anthropology that 
more thoroughly adhere to the guidelines for scientific evidence as established by the Daubert 
(1993) ruling. The goal of this thesis, anchored on the research of Steadman et al. (2006), will be 
to demonstrate the probative value of skeletal lesions consistent with cancer and how the 
addition of these data will affect support for or against a possible identification. To do this, 
likelihood ratios representing the diagnostic value of skeletal cancer will be generated and 
evaluated for use with existing likelihood ratios, considering factors such as the completeness of 
skeletal recovery and how patterns of lesions can be utilized. Specifically, this research will 
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apply this Bayesian approach to a sample of individuals having self-reported cancer from the 
Bass Donated Skeletal Collection, housed at the University of Tennessee.  
Research Questions 
 With the application of a Bayesian framework for identification purposes using lesions 
consistent with cancer, I ask the following research question: 
 Will including macroscopic lesions consistent with cancer affect the posterior probability 
of a potential identification? 
The inclusion of cancerous lesions is not only expected to increase the probability that 
matching remains have been correctly identified, but also provide a quantitative representation of 
the evidentiary strength of cancerous lesions when supporting a potential identification. 
Considering the expected effect of neoplastic pathological conditions on the posterior 
probability, I also pose the following research question: 
Do certain approaches to likelihood ratios, such as by evaluating their overall patterns 
or considering general pathological expression, have more diagnostic potential than others? 
By providing multiple approaches to the analysis of cancerous lesions for identification, 
the overall results of this thesis are expected to have increased utility by adding options 
dependent on the completeness of skeletal recovery.  
Significance 
 Results of this research are expected to be significant. By demonstrating the applicability 
of lesions consistent with cancer to an established identification framework, this thesis provides a 
proof of concept for expansion with other pathological conditions of the skeleton. In adding to 
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this Bayesian approach, these methods increase the utility of the probabilistic framework for 
application in both forensic scenarios and in incidences of disaster or mass fatality for 
identification.  
 This approach is not meant as a replacement for other methods of identification. The use 
of DNA and other available methods should continue to be implemented when applicable to 
ensure the highest possible level of confidence. Anthropologically generated evidence represents 
only one aspect of the identification process, and is oftentimes not usable to its fullest extent in 
situations of high fragmentation that make estimation of some biological characteristics (e.g. 
stature or ancestry) impossible (Mundorff et al., 2014). Implementing multiple approaches to 
identification, however, provides more options for practitioners to successfully and correctly 
identify skeletal remains. Toward this goal, even small contributions to identification methods 
are valuable in making a correct identification. This research can potentially aid in reducing the 
list of possible matches in a quantitative and scientific manner.  
 This research is also significant in its contribution to quantitative methods of 
identification. Given the ruling of Daubert v. Merrell Dow Pharmaceuticals (1993), the 
reliability of identifications from multiple disciplines have since been questioned (Christensen 
and Crowder, 2009; Lesciotto, 2015). Through expanding the use of a quantitative Bayesian 
approach, this thesis supports the guidelines set by Daubert for scientific evidence.  
Chapter Organization 
 In the second chapter, I will discuss the study sample used as well as the etiology of 
skeletal cancer. To calculate the effect of lesions consistent with cancer in the skeleton, 
understanding how these lesions occur and their macroscopic manifestation is beneficial. As the 
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current study required differential diagnosis of lesions consistent with cancer from the sample, a 
discussion of this process will also be provided.  
 The third chapter will further explore the necessity of quantitative methods arising from 
the Daubert ruling as well as the statistic theory to be implemented in this study. Given the 
impact of Daubert on the forensic anthropology community (Christensen and Crowder, 2009), 
understanding why this ruling is important to identification is beneficial for application. I will 
also discuss the basics of a Bayesian approach and how likelihood ratio methods have been 
applied in forensic science (Good, 1991; Aitken, 2006; Taroni et al., 2010; Balding and Steele, 
2015) as well as in forensic anthropology (Steadman et al., 2006). Additionally, I will discuss the 
formulae to be used by the current study and how issues regarding data not represented in this 
thesis can still be used to affect the probability of a possible identification.  
 In Chapter Four I will present the materials and methods utilized for this research. 
Chapter Five will provide the results of the study and provide the range of likelihood ratios 
generated using this probabilistic framework. In Chapter Six I will discuss how the likelihood 
ratio values should be interpreted and provide examples in which their appropriate applicability 
under different identification scenarios is presented. This chapter will conclude with practical 
considerations of this research and possible future applications of these methods. Finally, the 
seventh chapter will provide the overall conclusions of this thesis and evaluate this research in 




Chapter 2: Cancer, the Skeleton, and Differential Diagnosis 
 
 To understand cancerous lesions of the skeleton, a basic explanation of the etiology, 
manifestations, and significance of bone cancer in the pathological literature is necessary. As 
individuals were not randomly sampled from the general deceased population, a discussion of the 
Bass Donated Skeletal Collection is necessary in framing the limitations of the current study. 
The second section of this chapter will then address the conceptual difficulties regarding 
cancerous lesions and further discuss the limitations of the current study using the “Osteological 
Paradox” (Wood et al., 1992) as a platform for discussion. Next, the third section of this chapter 
addresses the microscopic processes within the skeleton that are disrupted by cancer in the bone. 
By discerning what processes are disturbed at the microscopic level, the formation of 
macroscopic cancerous lesions is more easily understood. Finally, the process of differential 
diagnosis is addressed in the fourth section, discussing the manifestation of cancerous lesions 
and how these are differentiated from similarly appearing pathological conditions. Through 
recognizing a wide variety of potentially similar lesions, we can more accurately discern those 
consistent with cancer.  
The Bass Donated Skeletal Collection 
The Bass Donated Skeletal Collection (BDSC) began in 1981 with the first donor placed 
at the Anthropological Research Facility (ARF) in the spring of 1981 (Jantz and Jantz, 2008:9). 
The ARF presented a unique opportunity to research human decomposition, after which these 
donors were accessioned into the BDSC, currently the largest skeletal collection of contemporary 
American skeletons (Jantz and Jantz, 2008:18). Currently, the BDSC contains over 1,700 unique 
individuals, most with self-reported medical history (Steadman, 2016, personal communication). 
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The rate of donation has steadily increased, though individuals with certain infectious diseases 
are declined. Following intake, donors are placed at ARF for decomposition research, are 
archaeologically recovered, and then processed and inventoried at the William M. Bass Building 
before being accessioned into the BDSC housed in the University of Tennessee’s Anthropology 
Department. 
The demographic makeup of the BDSC is predominately elderly individuals of white 
ancestry, with an average age in the 60s, and 65% male (Steadman, 2016, personal 
communication). As increased rates of cancer are associated with advanced age (Waldron, 2009), 
this makeup of the BDSC is somewhat limited in terms of reflecting the true “population at 
large.” Because of this, the expected likelihood ratios will likely overestimate the prevalence of 
cancer within the general population.  
Cancer, Pathological Conditions, and the Osteological Paradox 
 Cancer in the skeleton can be easily mistaken for a variety of pathological conditions 
with similar skeletal manifestations. Due to this difficulty, Waldron describes the need for 
cooperation between anthropologists, radiologists, and pathologists for a comprehensive 
exploration of cancerous lesions in a given individual (2009:170). However, by understanding 
these limitations and ideal approaches, researchers are better equipped to cautiously proceed with 
macroscopic analysis.  
A common theme within pathological literature is that cancer has been an elusive lesion 
to identify within pre-modern samples, thereby giving the erroneous impression that cancer is a 
purely modern phenomenon (Brothwell, 2012:421). However, multiple reviews, historical 
records, and case studies have concluded the presence of cancer, both primary and secondary, 
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existing in antiquity (Assis and Codhina, 2010; Buzon, 2005; Brothwell, 2008; Capasso, 2005; 
Smith, 2002; Wasterlain et al., 2011). Because of extended lifespans relating to medical 
advancement in the modern era, the prevalence of cancer has falsely appeared to have increased 
dramatically from antiquity (Ortner, 2003). This is not to suggest that modern behavioral causes, 
such as alcoholism or cigarette smoking, do not increase the risk of cancer, but that maintaining a 
historically informed perspective provides a more nuanced understanding of the disease (Gage, 
2005; Halperin, 2004). Additional difficulty in discussing the presence of cancer also stems from 
the reality that the most common forms of cancer originate in soft tissue that does not survive 
decomposition or taphonomic processes (Ortner, 2003). Therefore, care should be exercised by 
researchers seeking to describe and compare historic rates of cancer with modern prevalence.   
 Further complicating the issue, problems relating to the “Osteological Paradox” (Wood et 
al., 1992) are also present in determining prevalence of cancer in antiquity and within the current 
study. Any research utilizing pathological analysis should address the main criticisms of the 
osteological paradox, those of: hidden hereogeneity in frailty, selective mortality, and 
demographic nonstationarity. Although the current study does not attempt to comment on the 
“health” of the population represented by the BDSC, these issues raised by Wood et al. (1992) 
serve as useful conceptual arguments in exploring certain limitations of the current study.  
Hidden heterogeneity in frailty refers to the issue that different individuals will be more 
susceptible to disease for various reasons, including genetics, sociocultural, or socioeconomic 
factors (Wood et al., 1992; DeWitte and Stojanowski, 2015:407). Within bioarchaeology, this 
critique warns against making assumptions in the interpretation of skeletal lesions or indicators 
of stress as they may be more reflective of conditions other than health within a given group 
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(DeWitte and Stojanowski, 2015:407). The effect of hidden heterogeneity in frailty affects the 
current study as well, again for issues of demographic makeup. 
While this study is not evaluating the impact of cancerous lesions on the population 
comprising the BDSC, hidden heterogeneity affects the ability of the current study to serve as a 
proxy for the general population. Although pre-donor data for the individuals within the BDSC 
exist, these data were self-reported and therefore may not be completely accurate. For the current 
study individuals were evaluated for the presence of macroscopic lesions consistent with cancer. 
However, factors such as genetic predisposition and the effects of socioeconomic status were not 
considered while conducting research. For example, it is possible that there is a higher rate of 
individuals who were susceptible to macroscopic lesions in the BDSC than in the general 
population. Additionally, self-donated population rates of skeletal cancer could be more 
reflective of those individuals who could not afford prophylactic treatment of cancer that may 
have negated the skeletal manifestation of lesions. This issue would also be eased using multiple 
skeletal collections and data for comparison to the general population. Many individuals 
comprising the study population reported having sought treatment for cancer. This study 
therefore acknowledges the criticism of possible hidden heterogeneity and that the sample may 
not be fully representative of the general population.  
The next criticism of the Osteological Paradox is the concept of selective mortality within 
a given skeletal sample (Wood et al., 1992).  Selective mortality refers to the reality that 
individuals within a skeletal population, in fact, represent those who died (Wood et al., 
1992:349). While this statement risks belaboring the obvious, it does invoke the issue that since 
the individuals died, and disease is a common reason for death, that the deceased population 
would therefore have higher incidence of lesions than was true for the population at large (Wood 
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et al., 1992). Bioarchaeologically, this is problematic as individuals with lesions may only 
represent those persons most susceptible to disease or those healthier individuals who survived a 
given disease long enough for skeletal indicators to manifest (DeWitte and Stojanowski, 2015). 
Therefore, making inferences about populations using skeletal lesions is further complicated by 
the implications of this criticism. The current study is directly affected by selective mortality, 
related to the demographic makeup of the BDSC.  
Although the current study does not intend to comment on the overall health of the 
population using lesions consistent with cancer, the frequency in which the lesions manifested 
directly affects the study. As previously mentioned, the BDSC is primarily comprised of older 
individuals. Also, the majority of carcinomas, especially those most likely to metastasize, 
become more likely to manifest with increased age (Waldron, 2009). Therefore, we should 
expect to find a higher frequency of cancer and lesions consistent with cancer within the BDSC 
than would typically be found in a random sample of modern Americans. Frequency of lesion 
manifestation is then expected to be overestimated in the current study compared to the general 
population. Results from the current study regarding uniqueness of lesions will therefore be 
conservative estimations of how singular these skeletal lesions are within the population at large 
(DeWitte and Stojanowski, 2015). Again, this issue could be lessened using multiple skeletal 
samples and data more reflective of the general population to compare rates of lesion 
manifestation to obtain more accurate frequency data.  
Finally, the third argument of the Osteological Paradox, demographic nonstationarity, 
criticizes the assumption in bioarchaeological contexts that there were no changes in populations 
as a result of shifting fertility, mortality, or migration rates (DeWitte and Stojanowski, 2015:405; 
Woot et al., 1992:344). By assuming stationarity, bioarchaeologists could infer mortality at age 
13 
 
intervals to comment on the overall health of a population. However, without knowing if a 
population was indeed stationary, these estimates and inferences are unlikely to be accurate 
(DeWitte and Stojanowski, 2015). The argument primarily contends with the effects of 
migration, fertility, and mortality upon a given population and how these processes dispel the 
idea that a bioarchaeological sample represents a stable, “stationary” pattern for a larger 
population (DeWitte and Stojanowski, 2015). This critique cautions researchers to be aware of 
potential flaws in viewing a skeletal sample as accurately reflecting the overall health of past 
populations. In this way, the current study departs from the traditional critique of demographic 
nonstationarity as the BDSC is made up of contemporary donors and not a population within an 
archaeological context. As a donated collection, the BDSC does not fulfill the criteria 
demographic nonstationarity was originally designed to critique (Wood et al., 1992). However, 
the argument that a given population may not be wholly representative of a larger group does 
affect the current study in the form of sample bias.  
While the BDSC represents an impressive growing contemporary skeletal collection, it 
suffers from a “formation bias” in that it is primarily comprised of self-donated and family-
donated individuals that may not accurately reflect the population at large (Komar and Grivas, 
2008:230). This “donation bias” is reflected in that, per Wilson et al., “individuals who self-
donate tend to be more educated and older” in the BDSC than the general population (cited in 
Komar and Grivas, 2008:230). Additionally, the current makeup of the BDSC is older (μ = 61.8 
years), predominately male, and overwhelmingly of “white” ancestry (Steadman, 2016, personal 
communication). Therefore, the BDSC is not a viable proxy alone and alleviating this issue 
would require the inclusion of other skeletal samples or data from a more representative sample 
of modern Americans. Due to limitations of time and resources, the current study will function as 
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proof of concept by emphasizing the statistics which utilizes the skeletal data to generate 
Bayesian likelihood ratios. 
Skeletal Cancer and Histology 
 Through macroscopic analysis of the skeleton, abnormalities of the bone can be 
recognized and possibly identified. However, to more completely comprehend the etiology of 
skeletal lesions requires an understanding of how a pathological condition affects bone at the 
microscopic level. This histological perspective provides a more nuanced view into the 
underlying causes that result in specific lesion patterns. By recognizing the processes acting 
within normal bone and how abnormalities can affect this tissue, the manifestation of visible 
lesions can be better understood (Mann and Hunt, 2012:13). While the purpose of this section is 
not to provide an in-depth analysis of bone histology, a cursory overview of skeletal cellular 
activity will provide a basis from which to discuss the effect of cancerous lesions in the bone.  
The skeleton is comprised of calcified connective tissue that is formed from the 
interaction of cartilage and bone cells (Stout and Crowder, 2012). Bone, being a hard, 
mineralized material primarily made of carbonated hydroxyapatite and Type I collagen, cannot 
multiply and expand like somatic cells within the body (Stout and Crowder, 2012). Therefore, 
the interstitial tissue must undergo a process known as remodeling that occurs continuously 
throughout the life of an individual. During this process, bone cells, or osteocytes, signal for 
existing bone to be broken down by osteoclast cells before being built up again by the osteoblasts 
(Stout and Crowder, 2012). Following the activation of osteoclasts by hormonal signaling from 
an osteocyte, osteoclasts break down skeletal material at an indicated area from which the 
mineral components are resorbed into the blood stream in a process known as resorption (Stout 
and Crowder, 2012). With resorption of a site complete, osteoclasts undergo apoptosis, signaling 
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for osteoblasts to begin secreting osteoid (a mixture of collagen, proteins, proteoglycans, and 
water) in successive layers (Tersigni-Tarrant and Shirley, 2013:35; Stout and Crowder, 2012). 
These layers will eventually mineralize into bone as water within the osteoid is replaced by 
hydroxyapatite (Tersigni-Tarrant and Shirley, 2013:35; Stout and Crowder, 2012). As the 
osteoblasts secrete osteoid, they eventually seal themselves within the matrix of bone in spaces 
called lacunae. Once embedded, the osteoblasts become osteocytes, shifting function from bone 
production to bone maintenance, beginning the cycle again (Tersigni-Tarrant and Shirley, 
2013:35).  Remodeling activity occurs throughout the skeleton, with new bone forming and old 
bone destroyed throughout the life of an individual following initial ossification of the skeleton 
(Stout and Crowder, 2012). Bone, therefore, is constantly in a state of remodeling requiring a 
delicate balance of destruction and growth that maintains the strength and integrity of the overall 
skeleton.   
 Cancer develops when mutations in specific genes affect how cells multiply and die and 
can occur anywhere in the body from a variety of causes (Aufderheide and Rodríguez-Martín, 
2006:372-373). Although primary skeletal cancers affecting cells relating to cartilage and bone 
are relatively rare, cancer more commonly metastasizes from other organs as their cells spread 
hematogenously throughout the skeleton (Aufderheide and Rodríguez-Martín, 2006:388), by 
direct spread to adjacent bone, through the lymphatic system, or from the brain via cerebrospinal 
fluid (Waldron, 2009:184-185). When this occurs, the effect on skeletal tissue is dependent upon 
the reaction of the cells present within the bone. Most commonly, the presence of these tumor 
cells within the skeleton elicit a remodeling response from osteocytes to signal osteoclasts, this 
stimulation resulting in severe lytic breakdown of bone (Ortner, 2003:535; Waldron, 2009:185). 
However, cancerous cells can also stimulate the action of osteoblasts, resulting in the blastic 
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creation of unnecessary bone. Additionally, many cancerous lesions can also exhibit a mixed 
response, with both lytic and blastic activity (Waldron, 2009:185). What results is a “positive 
feed-back mechanism” (Waldron, 2009:186) in which signaling form the cancer cells enhance 
either lytic or blastic activity, causing the response by osteoclasts or osteoblasts, which in turn 
perpetuates the imbalance of activity. 
Macroscopically, the product of this cellular activity can result in sometimes dramatic 
expressions of metastatic cancer in the skeleton (see Figure 2.1 and Figure 2.2). These can be 
differentially diagnosed from other pathological conditions that could potentially be confused 
with cancerous lesions, such as those resulting from infectious disease, osteoarthritis, or 
traumatic injury (Ortner, 2003; Aufderheide and Rodríguez-Martín, 2006). However, as is often 
the case when lesions have not developed to an extreme level of manifestation, these changes in 
the bone may only be detectable via radiograph, PET scan, or other imaging tool. Therefore, 
when undertaking a comprehensive study of cancer prevalence within a population, it is 
advisable for researchers to work in cooperation with experienced radiographers (Waldron, 
2009:190). Despite this best practice, the current study is intended to emulate a scenario in which 
an anthropologist only has access to skeletal material and macroscopic analysis.  
 Given the higher incidence of cancer as age progresses, the most demographically 
susceptible members of the population to exhibit metastatic cancerous lesions of the skeleton are 
those within the geriatric community (Aufderheide and Rodríguez-Martín, 2006:388). However, 
rate of secondary metastasis is shown to be influenced by the tissue of origin, including rates of 
lesion expression within the skeleton (Waldron, 2009:186-189). For example, breast and prostate 
cancers result in the highest incidence of skeletal metastases for women and men, respectively 




Figure 2.1  Cranium exhibiting multifocal lytic lesions consistent with cancer 


















Figure 2.2  Right os coxa (missing pubis) exhibiting multifocal mixed lytic/blastic lesions 




also be considered that these data may be artifacts of these cancers types having a higher 
prevalence in the population, regardless of skeletal lesion manifestation (American Cancer 
Society, 2016).  
Differential Diagnosis 
This study examines the presence and absence of cancerous lesions using 149 individuals 
from the BDSC, with skeletons ranging in their year of accessioning to the collection from 1987-
2014. Examination of a contemporary population is crucial to the current study as the use of 
these data is intended to aid in the correct identification of modern skeletons. At the time of data 
collection, the accessioning notes provided for each individual were dependent upon the varying 
pathological expertise of whomever completed an individual’s inventory. Therefore, an 
additional goal of the current study is to more accurately describe the macroscopic cancerous 
lesions identified where current accessioning notes are lacking within the database for the BDSC. 
While the current study is anchored on the exceptional nature of cancer in making a 
correct identification more likely, criteria for differential diagnosis has yet to be explained. To 
achieve the goal of correctly identifying the etiology of a given lesion, researchers must be able 
to recognize the manifestation and patterning of potential pathological conditions that could be 
confused with the target condition. Macroscopic cancerous lesions are no exception, with 
manifestation occurring in a variety of patterns. Differential diagnosis of the target lesions 
requires a basis in paleopathological literature as well as experience in recognizing a wide range 
of common lesions that could potentially be mistaken as cancerous.  
 One of the biggest challenges in distinguishing a lesion as cancerous derives from the 
many ways in which they can potentially manifest. Cancerous lesions of the skeleton can be lytic 
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or prolific, widespread or localized, large or small, primary or secondary, as well as various 
combinations of these traits (Ortner, 2003; Aufderheide and Rodríguez-Martín, 2006; Brothwell, 
2008, 2012; Waldron, 2009; Roberts and Manchester, 2010). Therefore, one of the challenges of 
the current study is the delineation of what constitutes primary or metastatic cancerous lesions 
from other possible pathological conditions that may or may not be present. Common condition 
manifestations that could be mistaken for cancer include infectious disease, metabolic disorders, 
healed traumatic injury, and osteoarthritic activity (Aufderheide and Rodríguez-Martín, 2006; 
Waldron, 2009; Brothwell, 2012).  
Primary Bone Cancer 
 Of the two types of cancerous lesions that can affect the skeleton, primary cancer of the 
bone is typically easier to identify and categorize by neoplastic condition. Unlike carcinomas, or 
the majority of cancers which arise from epithelial tissue, primary bone cancers are considered 
sarcomas, defined as cancers arising from the musculoskeletal system (Ortner, 2003). Although 
less common than carcinomas, sarcomas are typically named using a prefix denoting their 
musculoskeletal tissue of origin, such as osteo- in reference to bone or chondro- in reference to 
cartilage (Aufderheide and Rodríguez-Martín, 2006). Primary bone cancers are constituted of 
notable conditions including osteosarcomas, Ewing’s sarcomas, osteochondromas, and 
hemangiomas to name a few (Ortner, 2003; Aufderheide and Rodríguez-Martín, 2006; Waldron, 
2009). While many of these primary conditions can be easily identified by their characteristic 
manifestations, these primary cancers of the bone are rare. Unfortunately, the current study’s 
sample did not encompass any individuals exhibiting primary cancer of the bone with the 
exception of button osteomas. However, individuals with button osteomas could go their entire 
lives without realizing the presence of these benign growths and therefore these instances would 
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go undetected. Because of this, these particular lesions have been excluded from the current 
study’s consideration given that an individual must have had medically reported or self-reported 
cancer to affect the prospective likelihood ratio.  
 Primary cancer of the bone can be separated into two categories, benign or malignant, 
and can arise from bone or cartilage (Waldron, 2009:171). As previously mentioned, button 
osteomas represent benign overgrowths of compact bone that originate from the periosteum, or 
the outer fibrocellular sheath that surrounds the bone (Waldron, 2009; Tersigni-Tarrant and 
Shirley, 2013). Osteomas and other common benign primary cancers of the skeleton that 
originate in bone or cartilage are summarized in Table 2.1. 
The other category of primary bone cancer is malignant tumors that are relatively rare in the 
general population, making up less than 1% of cases of malignant cancer cases (Waldron, 
2009:178; Ortner, 2003:524). However, for the purposes of differential diagnosis it is necessary 
to be familiar with the manifestation of each condition to avoid misidentification. Conditions 
such as Ewing’s sarcoma and other common malignant primary cancers of the skeleton that 
originate in bone or cartilage are summarized in Table 2.2. 
Metastatic Bone Cancer 
Cancerous lesions resulting from metastases can manifest as osteoblastic, osteolytic, or as 
mixed expressions of both within the skeleton (Ortner, 2003:533; Aufderheide and Rodríguez-
Martín, 2006:388; Waldron, 2009:185; Roberts and Manchester, 2010:622; Brothwell, 
2012:426). These lesions can be widespread from their tissue of origin, though most often affect 
the bones of the axial skeleton or bones of the appendicular skeleton nearest the points of 
articulation with the axial (Ortner, 2003:533). Able to metastasize hematogenously from either  
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Table 2.1  Benign primary cancers of the skeleton† 
Cancer Brief Description 
Osteoma Overgrowths of ordinary bone originating in the periosteum. 
These tend to be small and common on the frontal bone. 
Enostosis Comprised of compact bone within the interior of the bone that 
appear as “bone islands” of sclerotic activity in radiographs. 
Common to the pelvis and proximal femur. 
Osteoid osteoma Small foci of sclerotic woven bone surrounding an osteoid core. 
Most common to the long bones of the legs. 
Osteoblastoma Formation of sclerotic woven bone around osteoid, similar to 
osteoid osteoma. However, these tend to be larger and cause 
expansion of affected bones that can result in lytic, blastic, or 
mixed expression. Common to the vertebral column. 
Enchondroma Cartilaginous tumors originating in the hyaline cartilage with a 
lobulated appearance that can erode cancellous bone and scallop 
the inner cortex of long bones. Common to the proximal 
phalanges of the hands and feet.  
Periosteal 
chondroma 
Also known as juxtacortical chondromas, these cartilaginous 
tumors originate in the periosteum, possibly causing erosion of 
cortical bone and inducing periosteal reactions in affected areas. 
Common to the femur and humerus.  
Chondroblastoma Cartilaginous neoplasm of chondroblastomas manifesting as a 
large lytic lesion in the bone, sometimes with a sclerotic margin. 
Common to the epiphyses of the femur and humerus.   
Osteochondroma Also known as cartilaginous exostoses, these cartilaginous 
tumors manifest blastically from the surface of bone with a 
possibly “cauliflower” appearance. Common to the long bones, 
with a predilection for metaphyses of rapid growth such as the 
distal femur.  
Hemangioma Vascular neoplasm of proliferating blood vessels that can cause 
lytic lesions with scalloped margins in the skull. These are most 
often discovered in the spine and cranium. 
Non-ossifying 
fibromas 
Connective tissue tumor developed from a fibrous cortical defect 
that progressively destroys cortical and trabecular bone that can 
lead to fractures. Common to weight-bearing long bones.  
Simple bone cyst Also known as unicameral bone cysts, these fluid-filled lesions 
manifest as lytic areas within the bone that can result in swelling 
of the affected area. Common to the diaphyses of long bones. 
Aneurysmal bone 
cyst 
Blood-filled lesions within the bone that are typically 
multilocular and appear as multiple rounded protuberances of 
bone. Common to the diaphyses of weight-bearing long bones 
and the vertebrae. 




Table 2.2  Malignant primary bone cancers of the skeleton† 
Cancer Brief Description 
Osteosarcoma Typically mixed lytic and blastic lesion caused mainly by 
osteoblast cells and originating within the bone, usually 
manifesting as large masses of spiculated periosteal growth with 
a “sun-burst” appearance. Common to the long bones with a 
predilection for the area of the knee. 
Ewing’s sarcoma Small round cell tumor that aggressively produces lytic lesions 
and periosteal reactions resembling “onion-skin” or “sunburst” 
patterns. Common to the pelvis, femur, and tibia.  
Chondrosarcoma Cartilaginous tumor of potentially large size that can develop 
spontaneously or from pre-existing benign chondromas which 
produce lytic lesions and can undergo calcification or 
endochondral ossification. Common to the long bones and the 
pelvis. 
Fibrosarcoma Fibrous tissue neoplasm which produces large lytic lesions which 
do not tend to incite sclerosis or periosteal reactions. Common to 
the long bones and pelvis with a predilection to the area of the 
knee. 
Angiosarcoma Also known as hemangioendothelioma, these tumors of irregular 
vascular channels with abnormal endothelial cells manifest as 
multiple well-defined lytic lesions which do not tend to incite 
much sclerosis or periosteal reactions.   






carcinomas or, less commonly, sarcomas, lesions deriving from metastatic cancer can result in 
dramatically expressed skeletal lesions (Aufderheide and Rodríguez-Martín, 2006: 388; 
Brothwell, 2008:258). Bones most often affected by metastasized lesions include the “spine and 
sacrum, the proximal metaphysis and epiphysis of the femur, ribs, sternum, skull, pelvis, and 
proximal humerus” (Ortner, 2003:533). Additionally, the five most common types of tissues 
from which skeletal metastases originate include “carcinomas of the breast, lung, prostate, 
kidney, and thyroid” (Waldron, 2009:185). Cancerous lesions typically manifest stochastically 
within the skeleton, such that bilateral involvement at precise locations on paired bones are 
uncommon (Ortner, 2003:535). Also, regardless of point of origin, it is often not possible to 
associate metastatic cancerous lesions in the skeleton with a tissue of origin (Ortner, 2003:532). 
However, common types of metastasized cancer do display an affinity for specific bones of the 
skeleton, summarized in Table 2.3.  
Given the range of possible expressions these lesions can exhibit, it is possible that they 
could be confused with infectious diseases or metabolic disorders with similar lytic effects on the 
skeleton, e.g. tuberculosis or ascorbic acid deficiency. However, many of these conditions are 
associated with specific patterns of manifestation that, in some cases, have allowed for 
differential diagnosis when considered with the historical provenience of the sample (Ortner, 
2003; Aufderheide and Rodríguez-Martín, 2006). Within the BDSC, the modern Americans that 
constitute the sample of the current study are relatively free of the infectious diseases or 
metabolic disorders present in archaeological collections or at least did not have any of these 
conditions long enough to affect the skeleton. Because of this, differential diagnosis of cancer 




Table 2.3  Typical sites of skeletal metastasis for most common cancer types† 
Primary cancer sites Bones most commonly affected by metastasis 
Breast Femora, axial skeleton, and skull 
Prostate Pelvis and lumbar vertebrae 
Lung Vertebrae, ribs, and skull 
Kidney Vertebrae, pelvis, ribs, and femora  
Thyroid Axial skeleton 
 




relating to past traumatic injury and arthritic change that require differentiation from lesions 
associated with metastatic cancer.  
 Traumatic injury to the skeleton can result in the development of exostosis around the site 
of insult (Ortner, 2003:126; Roberts and Manchester, 2010:233). These bony growths can 
resemble the prolific activity of cancerous lesions and, like cancer, do not usually display precise 
bilateral activity. One common method of differentiation includes the presence of antemortem 
trauma around the site of osteoblastic activity. As the fractures in the skeleton heal, evidence of 
the trauma indicate a given site of prolific activity is unlikely caused by cancer. Additionally, 
bony calluses and healed lesions can be differentiated by a typically smooth appearance. 
Osteoblastic activity caused by metastatic cancer more commonly manifests as rough, porotic, 
masses of bone (Ortner, 2003:543) or as “fine spicules adherent to pre-existing bone” 
(Aufderheide and Rodríguez-Martín, 2006:388). Additionally, one assumption of the current 
study is that the sample represents a closed population of known self-reported medical history. 
Therefore, the use of these data from the BDSC was conducive in differentiating lesions 
originating from traumatic injury as these were more likely to have been reported antemortem 
and were less likely to be misdiagnosed.  
 Osteoarthritic changes to the skeletal joints can also mimic the macroscopic activity of 
cancerous lesions, both lytic and prolific. Advanced osteoarthritis of a given joint can lead to 
destruction of bone, while simultaneously stimulating a sclerotic reaction around the area of 
articulation between skeletal elements. However, whether in the synovial joints or synchondroses 
of the spine, this severe expression of osteoarthritis is commonly accompanied by other signs 
associated with this condition, such as lipping, osteophyte development, and eburnation 
(Waldron, 2009:27). Additionally, as metastatic cancerous lesions have no known predilection 
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for joints spaces, the location of the lesions, as well as the presence of common osteoarthritic 
changes, allow for differentiation between these and lesions manifesting from metastatic cancer.  
 Finally, given the rapid rate of bone loss or bone growth, lesions associated with 
metastatic forms of skeletal cancer commonly exhibit disorganized margins with little evidence 
of healing, allowing for further differentiation from other lytic or blastic pathological conditions 
(Ortner, 2003; Aufderheide and Rodríguez-Martín, 2006; Waldron, 2009). In recognizing what 
makes metastatic cancerous lesions of the skeleton unique, this pathological condition is more 
readily identified. Additionally, by understanding the ways in which other pathological 
conditions of the skeleton can mimic cancerous lesions, such as with infectious or metabolic 
disease, traumatic injury, or osteoarthritic change, differential diagnosis of cancerous lesions is 
vastly improved.  
 In closing, although bone reacts to insult in only three ways (lytic/blastic/both), the 
patterns of these lesions can be differentially diagnosed and recognized to determine which are 
consistent with cancer or are consistent with other pathological conditions. Understanding the 
histological basis of pathological conditions additionally helps in determining a differential 
diagnosis. In addition, by being able to discriminate between pathological conditions in the 




Chapter 3: Daubert, Bayes, and Likelihood Ratios 
 Within the courtroom setting, it is not enough to state that a certain pathological lesion 
observed in a skeleton is evidentiary of a possible identification. Some lesions, such as those 
resulting from osteoarthritis, are far more common in the general population than others (e.g. 
osteosarcoma). Therefore, to be considered evidence, findings must be contextualized in a 
scientific framework using methods accepted by the scientific community. Achieving this degree 
of rigor requires accurate methods backed by statistically sound results that can be expressed in a 
straightforward manner. The first section of this chapter explores the modern high standards of 
admissibility for scientific expert witness testimony in the United States. Primarily established 
by the Daubert ruling of 1993, this decision has had far-reaching impact upon the forensic 
anthropology community. Understanding the requirements for permissibility of scientific 
evidence in court is essential to forensic research, and the importance of the Daubert ruling 
cannot be understated.  The second section of this chapter will discuss the theoretical approach 
taken by this study, explaining how Bayesian statistics can be used to determine the probative 
value of anthropological evidence. This chapter will then conclude with the Bayesian equations 
used in the current study and how, by breaking down their constituent elements, results produced 
from them should be interpreted with their relation to the Daubert ruling. Through explaining the 
equations, the logic of the Bayesian approach becomes evident, as does the relevance of the 
products in an evidentiary context. 
The Daubert Ruling 
 For years, the field of forensic anthropology has focused on the practical aspects of 
biological anthropology in the creation of biological profiles. These profiles, consisting of sex, 
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age, stature, and ancestry, are used in the identification process of victims or remains in addition 
to pathological conditions. In cases of homicide, the biological profile represents an important 
facet of evidence, and thus the accuracy of the profile is critical to the court when determining a 
verdict. A faulty profile, created with “junk science” or inaccurate methods, is useless and 
potentially harmful. For most of the 21st century, the ruling of Frye v. United States (1923) 
dictated that expert witness testimony was admissible so long as the technique was “generally 
accepted” as reliable by the relevant scientific community (Grivas and Komar, 2008:771). Until 
the passage of decisions such as Daubert v. Merrill Dow Pharmaceuticals, Inc. (1993), General 
Electric Co. v. Joiner (1997), and Kumho Tire Co. v. Carmichael (1999) courtrooms relied on 
expert witness testimony of anthropologists and other forensic experts without requiring reliable 
statistic backing (Christensen and Crowder, 2009:1211; Steadman et al., 2006:15). This resulted 
in the use of “junk sciences” being presented in court that could lead to wrongful convictions 
(Lesciotto, 2015; Christensen and Crowder, 2009). However, following the Daubert ruling, 
expert witness testimony now required rigorous scientific support, requiring that methods have 
been tested, submitted for peer review, published, have a known rate of error, and “enjoy a 
degree of acceptance within the relevant scientific community” (Daubert v. Merrell Dow 
Pharmaceuticals, Inc., 1993). The Daubert decision places the validity of expert witness 
testimony on methodology and not the reputation of the expert, however well respected he/she 
may be in their field (Christensen and Crowder, 2009). The forensic anthropology community 
produced multiple new and improved methods of estimating the different categories of the 
biological profile to fit the new guidelines set by Daubert (e.g. Langley-Shirley and Jantz, 2010; 
Hefner and Ousley, 2014; Spradley and Jantz, 2011).   
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However, not all aspects of the biological profile were thought to be subject to 
quantitative methodology, such as the qualitative description of pathological conditions and 
trauma (Grivas and Komar, 2008:771). Unlike sex or age estimation, pathological conditions are 
not shared by all human beings and the discernment of certain pathological conditions, while 
helpful to creating a biological profile, had yet to be quantified in a manner consistent with the 
Daubert guidelines for evidence (Cunha, 2006). Using probability theory, however, studies such 
as Steadman et al. (2006) have demonstrated the quantification of the biological profile via a 
likelihood ratio for use in court. The process of matching antemortem records to visible 
postmortem pathological conditions in making a correct identification has been vague in practice 
and description. While some “unique” pathological conditions or patterns can be successfully 
used to make a correct identification (Cunha, 2006), what makes a given pathological condition 
“unique” has not been well defined, nor has the degree of “uniqueness” that is required to 
generate a confident conclusion (SWGANTH, 2010:4). Due to this lack of standardization, the 
ability to make correct identifications using pathological conditions and antemortem records has 
fallen upon the individual experience of examiners, thereby not fulfilling Daubert guidelines.  
The legacy of the Daubert ruling has so far resulted in the active seeking of new and 
better ways to model forensic evidence, including those generated by anthropological analysis. In 
2006, Steadman et al. described a method of quantifying the certainty of biological evidence 
(sex, age, stature, and dental pathological conditions) through combining individual likelihood 
ratios via the product rule to yield a likelihood representing the relative weight of their evidence 
for a forensic case. Their methods used Bayesian statistics to yield an overall likelihood of a 
correct identification, in their case of 3.14 million times more likely to distinguish the specified 
suite of characteristics with the skeletal remains in question than not. These likelihood ratios 
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could also potentially be combined with DNA evidence to increase certainty of a correct 
identification (Figura, 2011). The study demonstrates the significance of likelihood ratios to 
follow Daubert standards of evidence through quantification of the traditionally qualitative 
biological evidence. Therefore, by utilizing likelihood ratios, forensic anthropologists can more 
easily follow the guidelines laid down by the Daubert ruling.   
While there have been relatively few exclusions of evidence based on Daubert since 
1993, Lesciotto (2015:554) suggests this trend is indicative of the field actively moving away 
from methods that do not fulfill the guidelines of the Daubert decision. By continuously refining 
and evaluating the methods of forensic anthropology, practitioners ensure that the scientific rigor 
of anthropological evidence meets the highest standards of courtroom admissibility.  
Bayesian Statistics 
 Within probability theory, Bayesians statistics describe the probability of a given event 
when considering prior knowledge and new information. Through considering the effect of new 
information, Bayesian statistics more accurately model the probability of an event than by simply 
knowing the frequency of that event alone (Bolstad, 2007; Gelman et al., 2014). A simple 
example of this notion would be how the presence of an overcast sky with dark clouds affects the 
probability that it will rain, given that it has rained under these conditions previously. Similarly, 
it is possible to model how the presentation of evidence in court will affect the outcome of a trial 
by making a verdict more or less likely (Lindley, 1991; Aitken, 2006).  
In the English language, the power of evidence in court is judged by its “weight”, with 
the concept reminiscent of the Greek goddess of justice holding scales aloft, balancing the 
weight of arguments and evidence, prosecution and defense (Good, 1991:85). This weight 
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concept captures the additive nature of evidence to an argument, tipping the scales in one 
direction or the other, and is precisely what Bayesian theory represents mathematically. In this 
way, Bayesian statistics describe how beliefs or probabilities change dependent upon the 
introduction of new information (Figura, 2011:91; Aitken, 2006:70; Taroni et al., 2010). 
 Named for the Reverend Thomas Bayes who originally developed an equation in the 
mid-18th century describing how existing belief is modified by new information, Bayes’ theorem 
naturally became the anchor for modern Bayesian statistics. However, Bayes himself did not live 
to hear his original formulation read to the Royal Society in 1763, which was done so 
posthumously by Richard Price (Dale, 1982). Instead, Bayes’ theorem was further developed by 
Pierre-Simon Laplace who pioneered the majority of early work regarding Bayesian statistics in 
the late 18th and early 19th centuries by devising and applying a more generalized form of the 
theorem to a variety of disciplines (Dale, 1982).  
At its core, probability is a measure of uncertainty (Lindley, 1991:28), and Bayes’ 
theorem mathematically models how our uncertainty is modified by the introduction of new 
information. Generally, Bayes’ theorem is a function of probabilities and conditional 
probabilities. A basic equation for Bayes’ theorem when considering two competing models is as 
follows:  
Equation 3.1 Bayes’ theorem considering competing models 
𝑃𝑃(𝐴𝐴|𝐵𝐵) =
𝑃𝑃(𝐵𝐵|𝐴𝐴) × 𝑃𝑃(𝐴𝐴)
𝑃𝑃(𝐵𝐵|𝐴𝐴)× 𝑃𝑃(𝐴𝐴) + 𝑃𝑃(𝐵𝐵|¬𝐴𝐴) × 𝑃𝑃(¬𝐴𝐴)
 
 
in which we are evaluating the probability of event A occurring against event A not occurring 
(¬A) given that event B has happened. In other words, we are attempting to determine the 
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posterior probability, or the probability that A will occur, given that B has occurred. Here, our 
prior probability, P(A), represents the initial probability of A happening while P(¬A) represents 
the probability of A not happening, all while no additional information is considered. By 
including the probability of B both for and against A (the conditional probabilities), we 
determine our posterior probability of P(A|B).  
 In terms of the courtroom, the two competing models being tested can be represented by 
whether an individual is either guilty or not guilty given the evidence presented in court, with the 
posterior probability representing the overall likeliness of the individual’s guilt given the 
evidence (Good, 1991:88). Using the equation above, the posterior probability P(A|B) would 
read as the probability of the individual being guilty P(A) given the evidence P(B), the 
prosecution’s argument. To determine the posterior of an individual’s guilt given the evidence, 
the probability of the individual being not guilty P(¬A), the defense’s hypothesis, would also 
need to be accounted for within the equation. Through utilizing the conditional probabilities 
representing the likeliness of the evidence existing given that an individual either was, or was 
not, guilty (P(B|A) and P(B|¬A), respectively) we can therefore determine which model is the 
most probabilistically favored. The resulting product then represents the probability of an 
individual’s guilt, a high probability indicating an individual is guilty given the evidence while a 
low probability favors that the individual is not guilty given the evidence.  
Qualitatively, forensic anthropologists have always performed a kind of Bayesian 
analysis. Using the biological profile and presence of pathological conditions, the list of possible 
identifications is narrowed down until a correct identification can be made, if possible, that is 
justified by the data derived from the biological remains. What the likelihood ratio does is 
quantify certainty (or uncertainty) in a manner consistent with the Daubert ruling that is 
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understandable to the layman in the form of a probability. As stated by Konigsberg et al. 
(2009:84), forensic anthropologists are implicitly Bayesian in approach. If a skeleton is found, 
that individual could be anyone of thousands in a missing persons database. However, if the 
skeleton is found to be the same sex, age, stature, ancestry, and is found in the same locality as a 
specific missing person, the likelihood that the identification is correct increases dramatically 
with stronger evidence having a greater impact on the identification process (Steadman et al., 
2006:24; Konigsberg et al., 2009:86). Although this process seems obvious, the quantification of 
evidence such as this is crucial to a scientific expert witness testimony required by the Daubert 
guidelines. Currently under-utilized within anthropology, the increasing popularity of Bayesian 
statistics presents opportunities to explore new techniques and approaches to forensic 
anthropology (e.g. Steadman et al., 2006; Prince et al., 2008; Konigsberg et al., 2009; Langley-
Shirley and Jantz, 2010). 
The same principles apply to the use of Bayes’ theorem in an identification scenario, with 
an individual either being correctly or incorrectly identified as a specific individual given the 
evidence (Steadman et al., 2006). Instead of an individual’s probability of guilt, the identification 
posterior probability represents how likely it is that a specific person’s identity is associated with 
given remains once all factors for the decision have been accounted. Unfortunately, it is 
impossible on a practical level to determine the actual posterior probability of any forensic 
verdict as the prior probabilities must be determined exactly (Morrison and Stoel, 2014:289). 
Equation 3.1 assumes that the probability of an individual being guilty/not guilty, or correctly 
identified/incorrectly identified can be quantified absolutely as either P(A) or the P(¬A). 
However, this is not possible as these variables would be highly subjective and need to account 
for all other factors contributing to the final decision (Buckleton, 2005). While the inclusion of 
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factors such as all the submitted evidence is straightforward, these holistic variables would also 
need to account for the opinions of each jury member, the beliefs that influence their decision 
regardless of evidence, the argumentation of both the prosecution and defense, the testimonies of 
individuals called to the stand, and a host of other subjective information that cannot be 
practically modeled. However, the inability to model the prior or posterior probabilities does not 
mean determining the probative value of evidence is impossible. The two-model equation of 
Bayes’ theorem can be revised to instead focus on the evidence itself in a formulation commonly 
referred to as Bayes’ Rule or the odds form of Bayes’ theorem (Gelman et al., 2014; Good, 
1991). 
Bayes’ Rule 
 Generally, for discerning between two competing models, Bayes’ rule follows that the 
posterior probability is a function of the prior probability multiplied by either a Bayes’ factor or a 
likelihood ratio, described in the following section (Good, 1991; Ommen et al., 2015:3). Bayes’ 
Rule is derived mathematically from Bayes’ theorem in a way that isolates the conditional 
probabilities as a single ratio function separate from either the posterior or prior probabilities. 
Although Bayes’ Rule is calculated using odds, the equation transforms to probability, resulting 
in the following:   










in which the left function represents the posterior probability, the center function represents the 
likelihood ratio, and the right function representing the prior probability. Although a likelihood 
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ratio is presented above as the center function, a Bayes’ factor can also be used in this place 
(Ommen et al., 2016). While similar, the differences and ongoing discussion regarding the use of 
a Bayes’ factor or a likelihood ratio will be explored in greater detail in the following section. In 
terms of the previous courtroom example, Equation 3.2 demonstrates that to produce the 
posterior probability, the probability that an individual is guilty given the evidence is divided by 
the probability that an individual is not guilty given the same evidence. Like Equation 3.1, the 
closer the quotient is to 1, the more likely it is that an individual is guilty given the evidence 
while a quotient approaching 0 supports an individual is not guilty given the evidence (Good, 
1991). Determining this value would still require exact knowledge of the practically unknowable 
prior probability, represented here as a ratio of guilty/not guilty. However, the functionality of 
Bayes’ rule in this scenario is the likelihood ratio representing the strength of a particular form of 
evidence. The likelihood ratio does this by evaluating the probability that a certain piece of 
evidence exists given that an individual is guilty and the probability of the same evidence 
existing given that an individual is not guilty.  
 In 2006, Steadman et al. introduced a novel, comprehensive approach to utilizing Bayes’ 
rule with select forms of osteological evidence to produce a likelihood ratio representing the 
probative value of this evidence in correctly identifying an individual. In this study, the authors 
analyzed anthropologically generated data, including age, sex, stature, dental records, and 
pathological data to evaluate the probability of a correct identification using a real-world forensic 
example (Steadman et al., 2006). Using these data, the resulting likelihood ratio yielded a correct 
match probability of the individual being approximately 3.14 million times more likely to have 
been the individual in question rather than a random individual considering the anthropological 
evidence (Steadman et al., 2006:24). Since then, further studies utilizing a similar methodology 
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have been conducted to determine the “weight” of other forms of evidence. One such study, 
Figura (2011), expanded the use of likelihood ratios using anthropological and odontological 
data to include the likelihood ratios for both DNA and victim location for the mass fatality 
incident resulting from the terrorist attack on the World Trade Center on September 11, 2001. In 
both studies, skeletal collections or existing data were analyzed to generate the data producing 
the likelihood ratios. Similarly, the current study will utilize the Bass Donated Skeletal 
Collection to produce the relevant pathological data to be used for the creation of likelihood 
ratios relating to the identification of skeletal remains.  
Likelihood Ratios and Bayes’ Factors 
Within the Bayesian framework are the likelihood ratio and Bayes’ factor, both 
representing the strength of a variable’s effect on the overall probability of a given event and 
used similarly with priors to achieve posterior probability (Gelman et al., 2014). Although the 
current study primarily focuses on the likelihood ratio, understanding the underlying mechanisms 
and differences of both operators provides clarity to the ways in which these methods are utilized 
and why using likelihood ratios is most appropriate for the current study.  
Likelihood ratios represent the strength of a variable’s influence on a given posterior 
probability using a single given parameter value and are represented mathematically as the 
middle function of Equation 3.2 above in which the ratio generated evaluates the probability of B 
given the presence of data A (P(B|A)) against B being present despite the presence of data ¬A 
(P(B|¬A)). Although similar to the likelihood ratio, the Bayes’ factor accounts for more than just 
a single parameter value, taking into account the subjective prior belief using a probability 
distribution (Ommen et al., 2015; Ommen et al., 2016) and is represented as: 
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Equation 3.3 Bayes’ factor† 





†Modelled after Ommen et al. (2016) Equation 6 
in which the top value of Eq. 3.3 evaluates the probability of B given the presence of data A 
when taking into account the probability distribution with a density of π characterizing prior 
belief about the presence of data A in a given sample (S) that was taken from the same source as 
B (∫P(B|A)d∏(A|S)). This value is altered to a ratio by the bottom value of Eq. 3.3 which 
evaluates the probability of B despite the presence of data ¬A when taking instead taking into 
account the probability distribution with a density of π characterizing prior belief about the 
presence of data ¬A in a given sample (X) which is alternate to the source of B 
(∫P(B|¬A)d∏(¬A|X)). In this way the Bayes’ factor accounts for a range of the marginal 
likelihoods both in favor of A being from the same source as B and A not being from the same 
source as B given what is known about the processes that produce both A and ¬A. Through 
including the likelihoods describing the variable in question (B) coming from either the source in 
question (S) or an alternate source (X), the Bayes’ factor accounts for the possibility that B may 
represent a false positive. By taking what is known of data A given it is from S, then the 
probability of B|A describes how likely B is actually from S as well. However, this is evaluated 
by what is known of data ¬A given it is X, with the probability of B|¬A describing how likely B 
is from X and therefore a false positive.  
 To illustrate the relationship between these variables, Ommen et al. (2015) provide an 
example using broken glass. To briefly summarize this example using the above variables, 
several glass fragments were presented as evidence that was thought to come from a specific 
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window (S). However, multiple broken windows were near the area in question from which glass 
fragments could have also originated (X). To identify the origin of the evidentiary fragments, 
fragments from both S and X were chemically analyzed to produce elemental compositions 
ratios for both S (A) and X (¬A). The elemental composition ratios for the evidentiary fragments 
(B) were then compared to both A and ¬A using a ratio that incorporated the probability 
distribution of what was known about the formation processes of both A and ¬A to determine the 
Bayes’ factor of B originating from S (Ommen et al., 2015:7-10).  
 The use of Bayes’ factors instead of likelihood ratios is favorable when the appropriate 
data is available as it more thoroughly describes the probability that a given variable is 
associated with another using a probability distribution of data that accounts for marginal 
probabilities (Ommen et al., 2016). Likelihood ratios instead use fixed values determined by 
known values relating to the variable in question (Ommen et al., 2016). For the current study, the 
use of self-reported medical information and the lack of pathological condition verification for 
lesions consistent with cancer did not allow for the evaluation of false positives. If a lesion 
pattern was determined to be consistent with cancer following differential diagnosis, the 
evaluation was assumed correct with no probability of being a false positive as this data was not 
obtainable. This is problematic for generating a Bayes’ factor as, using variables from Equation 
3.3, the variables that make up the probability distributions P(A|S) or P(¬A|X) could not be 
calculated. Therefore, the current study focuses on the generation of likelihood ratios for patterns 
of lesions consistent with cancer as opposed to Bayes’ factors.  
Skeletal Cancer and Likelihood Ratios 
 Anchored on the equations and premises used by Steadman et al. (2006), Konigsberg et 
al. (2008), and Figura (2011), the current study follows the Bayes’ rule form of Bayes’ theorem 
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for generating likelihood ratios as follows. This equation is used for determining the probability 
of observing osteological evidence given that an identification is correct, represented as a ratio, 
considered against the same information being present given that the identification is incorrect: 










in which the likelihood ratio’s “osteo data” is comprised of several likelihood ratios 
multiplicatively combined representing age, stature, sex, ancestry, dental patterns, and 
pathological conditions. The equations used in the current study are primarily derived from the 
pathological condition likelihood ratio (Steadman et al., 2006) in which the inverse of the 
fracture frequency served as the likelihood ratio. This likelihood ratio was derived using the total 
population as the numerator, including those individuals with the pathological condition in 
question, and individuals with the specific pathological condition as the denominator (Steadman 
et al., 2006:24). The likelihood ratio representing the probative value of lesions consistent with 
cancer also must reflect the assumption that the methods utilized are accurate with no chance of 
false positives. The equation for the pathological condition likelihood ratio had to be altered to 
represent this change:  
Equation 3.5 General likelihood ratio for lesions consistent with cancer 




in which ¬cancer lesion refers to having successfully excluded individuals as not having 
skeletally manifested lesions consistent with cancer while cancer lesion refers to individuals with 
manifested skeletal lesions consistent with cancer. To determine the likelihood ratio, the total 
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number of individuals in a sample who were deemed to not have lesions consistent with cancer 
form the numerator while the total number of individuals identified as having lesions consistent 
with cancer form the denominator. The following product represents the likelihood of finding a 
person in the population at large with these skeletal lesions. For example, an anthropologist 
recovers skeletal remains having lesions consistent with cancer, and then are given radiographs 
of a John Doe showing the individual had macroscopic cancer lesions of the skeleton. If a 
fictitious study had 310 individuals, of which 10 had cancer, then the likelihood ratio would be 
300/10, representing the relative strength of cancerous lesions in making an identification. Using 
this likelihood ratio from the study, it is therefore 30 times more likely that the skeleton belongs 
to John Doe given this data than that the skeleton belongs to an alternate individual by chance. 
The numerator assumes that none of these individuals represent false positives (300/1 probability 
of not having lesions consistent with cancer in the sample) while the denominator assumes all 
individuals represent true positives (10/1 probability of having lesions consistent with cancer in 
the sample). However, this is a general example only evaluating the presence of any lesions 
consistent with cancer in the skeleton. This same method can be used to calculate more specific 
likelihood ratios as well. With the example above, if John Doe was known to have had only lytic 
lesions from radiographs, the found skeletal remains exhibit only lytic lesions, and only five 
individuals in the study sample had only lytic lesions, then the likelihood ratio becomes 300/5 or 
60 times more likely that the remains belong to John Doe over a randomly discovered individual. 
Similarly, the more specific the criteria, the higher the likelihood ratio becomes, accounting for 
variables detectable during analysis such as lesion manifestation, lesion size, bones affected, and 




The Problem of Novel Cases 
 While likelihood ratios can be used to represent the probability of a variable being 
correctly associated with a given pattern, these ratios can only describe the likelihood of 
variables matching patterns identified from within the closed population of a study’s sample. For 
example, if an individual in an identification scenario is found to have a pattern that was 
analyzed in a given study that generated likelihood ratios, then the likelihood ratio for that 
specific pattern could be used to describe the likelihood of an individual having been correctly 
identified. However, when determining the odds of a correct identification with an individual 
with a novel pattern from outside a given study, there would be no likelihood ratio to describe 
this pattern, limiting the utility of the given study. For example, if the previously mentioned John 
Doe exhibited a novel pattern of lesions not found within the sample of 310, it would not be 
possible to know the likelihood ratio for identification represented by that pattern given the 
model. However, new variables with novel patterns can still have likelihood ratios generated 
representing the unique nature of each pattern regardless of it not being represented in an original 
study. Although multiple methods exist for dealing with novel cases in a likelihood ratio 
framework, the two methods used by the current study are the more conservative “counting 
model” and the less conservative “kappa model” (Brenner, 2010).  
 The counting model, also known as the “add one” method (Adams, 2003a), takes the 
additional individual with a novel pattern and adds them to the closed sample of a study, i.e. 
making it as though the individual was a part of the given study from the start. With the novel 
pattern and individual added to the study, the likelihood ratio can then be determined as normal. 
Originally formulated as X+1/N+1 (Adams, 2003a:6), the numerator represents the total number 
of a given pattern in a population while the denominator represents the total sample population 
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with the addition of the novel pattern to both to effectively yield a likelihood ratio of 1/N+1 or 
N+1. For the current study, the counting model reflects the changes made for using lesions 
consistent with cancer: 
Equation 3.6 Counting model likelihood ratio 




in which the counting model likelihood ratio (LRC) is equal to N-1, the total number of 
individuals in the new sample minus the novel case, divided by Y, the number of instances in 
which novel case’s unique pattern of lesions consistent with cancer occurs in the original sample 
(i.e. 0) plus one for the novel case being evaluated. This equation also assumes the novel case 
does not represent a false positive, or that the denominator is technically Y+1/1. Effectively, the 
LRC of a given set of likelihood ratios is equal to N, or the number of individuals present in the 
original study sample. With the previously discussed example, if John Doe was known to have a 
unique pattern of cancerous lesions and the found remains exhibited a novel pattern, it would be 
310/1 or 310 times more likely that the remains belong to the individual than to another 
individual by chance.  
 The less conservative kappa model, described by Brenner (2010), also deals with novel 
cases, though by shifting the focus to consider how unique novel cases are for a given category 
of likelihood ratios. Unlike the counting model, the kappa model does not require a new 
individual present to be calculated, e.g. that a John Doe with a novel pattern was discovered. 
Instead, the kappa model calculates a likelihood ratio for any novel patterns that may occur based 
on the ratio of unique patterns that already exist within the closed sample of a given study. The 
current study utilizes an adapted kappa model as described by Brenner (2010): 
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Equation 3.7 Kappa model likelihood ratio 




in which the kappa likelihood ratio (LRκ) is equal to the total population of individuals in the 
sample divided by the denominator, or the inverse of the ratio representing the total number of 
unique patterns that occur once, and only once, in the sample (X) divided by the total sample 
(N). Conceptually, the kappa model is the equivalent of asking whether or not a value category is 
highly indicative of an individual (e.g. a vehicle’s license plate) or if a value represents a broad 
category indicative of many individuals (e.g. the color of a vehicle). The more patterns that are 
unique to very few or only one individual, the more highly indicative of an individual a category 
is. Just as how license plate numbers for vehicles are more indicative of an individual (each 
number belonging to one, and only one, individual) than a vehicle’s color (in which each color 
can indicate many individuals for each variable, such as all those whose vehicles are white or 
blue) the kappa model likelihood ratio considers this level of individual indication when 
determining the likelihood ratio value of novel cases. For the example, John Doe was known to 
have a unique pattern of cancerous lesions in his skeleton and human remains are found with the 
same pattern. However, this pattern represents a novel case that is not reflected in the fictitious 
study of 310 individuals. However, this time the study showed that only 31 patterns of cancer 
existed in the entire sample, the largest being “no cancer present”. In this case, the LRκ would be 
310/1-(31/310) yielding a LRκ of 344.4, or that it is 344.4 times more likely that any novel case 
for this category (lesion patterns consistent with cancer) is reflective of a single individual than 
to another individual by chance.  
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The kappa model differs from the counting model as the overall individual indication 
value of a category is assessed and can therefore calculate likelihood ratios that are much higher 
in value than the total sample population. This difference is evident when there are no unique 
patterns which occur once, and only once, existing in a given population. For example, if the 
fictitious study of 310 individuals had no unique cases occurring only once in the entire 
population, then the LRκ would be 310/1-(0/310). In this case, the value is equal to N (310) and 
equivalent to the counting model. Therefore, the kappa model is equal to the counting model 
when no unique cases or one-to-one relationships between variables and individuals exist.  
 Through using both the counting model and kappa model, likelihood ratios for novel 
cases can be generated that account for individuals and lesion patterns not examined in the study. 
However, both models are limited by sample size and analysis of the parent studies from which 
they are based.  
Likelihood Ratios and the Daubert Guidelines 
 The use of likelihood ratios in a forensic context for the purposes of identification is well 
founded in regards to the use of DNA as well as other forensic approaches, such as comparative 
handwriting, fingerprint analysis, and ballistic analysis (Balding and Steele, 2015; Neumann et 
al., 2006; Taroni et al., 2012; Bunch and Wevers, 2013, respectively). However, this does not 
validate the use of likelihood ratios under the Daubert guidelines ipso facto, despite the widely 
accepted use of these methods for these various forensic applications.  
  One area of possible contention involves the applicability of error rates to likelihood 
ratios. Per the guidelines established by the Daubert ruling, rates of error should be reported 
regarding the methods utilized by the experts (Christensen and Crowder, 2009). However, recent 
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developments the 2016 virtual special issue of Science and Justice entitled “Measuring and 
Reporting the Precision of Forensic Likelihood Ratios” are centered on debating the theoretical 
applicability of error rates to likelihood ratios (Berger and Slooten, 2016; Biedermann et al., 
2016; Curran, 2016; Morrison and Enzinger, 2016; and Ommen et al., 2016, to name a few). For 
example, Morrison and Enzinger (2016) argue that likelihood ratios are subject to rates of error 
by evaluating their “precision”. The process entails the use of probability distributions with an 
arbitrary >90% cutoff bound, thereby generating likelihood ratio rates of error representing the 
uncertainty of the value. However, Berger and Slooten (2016), as well as Biedermann, et al. 
(2016), counter-argue that, among other complications, assigning uncertainty to a probability 
(e.g. a likelihood ratio) is mathematically questionable and logically uninterpretable given that 
the initial probability already constitutes a measure of uncertainty and that likelihood ratios can 
only be single values anchored on available data values.   
 Regardless of the ongoing statistic debates regarding the applicability of error rates, 
likelihood ratios have continued to be used in both the courtroom and academic research by 
forensic experts (Ommen et al., 2016). In addition to methods of DNA and fingerprint analysis, 
the program OdontoSearch, developed by Dr. Brad Adams, was founded on the use of likelihood 
ratios for identification purposes using dental patterns (Adams, 2003a; 2003b). OdontoSearch, 
currently maintaining a reference sample of over 55,000 individuals (OdontoSearch, 2003), has 
continued to be accepted in forensic casework for identification since its inception despite this 
potential Daubert criticism (Steadman and Adams, 2017, personal communication).  
 The use of likelihood ratios in forensic anthropology within the framework established by 
Steadman, et al. (2006) for identification purposes should therefore be expected to continue 
expanding, with or without the use of likelihood ratio error rates. For example, Figura (2011) 
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utilized likelihood ratios derived from these methods of forensic anthropology, dental records 
(using OdontoSearch), and recovery location in combination with DNA likelihood ratios via the 
product rule to surpass the identification threshold established for victims of the September 11, 
2001 attack on the World Trade Center. Similarly to the addition of recovery location by Figura 
(2011), results of the current study build upon these established methods. Given the growing 
application of likelihood ratios in forensic anthropology, there is no reason not to expect 
likelihood ratios representing pathological condition categories such as metabolic disease, 
infectious disease, congenital disorders, and nuanced trauma patterns (for more categories see 
Ortner, 2003) to expand this probability-based identification paradigm.  
In conclusion, by understanding the need for a valid statistic approach following the 
Daubert guidelines, the use of a Bayesian approach holds significant potential as a basis for an 
identification framework. Through using an established approach with multiplicative value 
(Steadman et al., 2006; Figura et al., 2011; OdontoSearch, 2003, etc.) future studies utilizing 
likelihood ratios representing other independent variables could be used in combination to better 
inform this identification model. Additionally, by addressing the issue of novel patterns, even 
patterns not currently represented in each study can be used with these methods, providing 
further potential in determining a correct identification.  
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Chapter 4: Materials and Methods 
To better understand the significance of macroscopic cancer within the skeleton for 
identification purposes, an analysis of individuals who self-reported cancer within the Bass 
Donated Skeletal Collection (BDSC) was undertaken. The use of individuals having self-
reported cancer for the study sample is justified as the generation of the likelihood ratio tables is 
the primary focus of the current study, not the researcher’s ability to identify cancerous lesions in 
the skeleton. This same goal could also be achieved without macroscopic analysis if accurate and 
detailed records of which individuals exhibited cancerous skeletal lesions existed. However, in 
the absence of such data, macroscopic analysis was required to determine which individuals 
manifested skeletal cancer as well as other variables such as lesion type and visible lesion 
patterns. The overall goal of this research project is the derivation of likelihood ratios 
representing the significance of observed lesions consistent with cancer when making 
identifications from skeletal remains. At the time of data collection, the application of this 
Bayesian approach to patterns of cancer in the skeleton had yet to be undertaken. Therefore, this 
study is modelled after the methodology described by studies using a similar approach to 
deriving likelihood ratios from skeletal data (Steadman et al., 2006; Konigsberg et al., 2009; 
Figura 2011). The generated likelihood ratio could then be used with those already existing 
likelihood ratios representing other aspects of the biological profile via the product rule 
(Steadman et al., 2006). Research methods utilized in the current study and criteria outlined for 
differential diagnosis are crucial to the validity of the likelihood ratios generated by the current 
study.  
The BDSC represents the single largest contemporary collection of American skeletal 
remains (Jantz and Jantz, 2008). Although the BDSC is not the only collection of human remains 
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within the United States (e.g. the Robert J. Terry Anatomical Skeletal Collection housed in the 
National Museum of Natural History of the Smithsonian Institution), these older collections do 
not account for the significant skeletal differences that have accumulated as a result of secular 
change over the last century (Jantz and Jantz, 2008). For the purposes of modern forensic 
application, the current study makes use of the BDSC to more accurately represent the 
contemporary population at large within the US and its associated secular changes. Permission to 
conduct osteological research using the BDSC was given by Forensic Anthropology Center 
Director Dr. Dawnie Steadman (2016).  
Materials  
 Data collection for the current study was conducted during the summer of 2016 in the 
BDSC’s primary housing location at the University of Tennessee. Research protocol of the 
current study included the visual analysis of each skeletal element available for all individuals 
within the subsample for the presence or absence of cancerous lesions, lytic or prolific. A lamp 
within the BDSC was available in addition to standard overhead lighting for the majority of 
analyses and was supplemented by the use of a small handheld LED flashlight for highlighting 
the margins of possible lesions. Data were recorded on data collection forms (see Appendix) 
with occasional measurements of lesion width and length using a Mitutoyo Digital Caliper, 
expressed in millimeters. 
To determine the value of macroscopic cancerous lesions in making a correct 
identification, a sample of individuals who had self-reported cancer was compiled from the 
BDSC. Of the over 1700 individuals currently comprising the growing BDSC (Steadman, 2016, 
personal communication), select records of 1431 individuals were available at the time of this 
study. Of these, 302 individuals were listed as having self-reported cancer at some point during 
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life. Although limited records for the individuals were made available for this study, the amount 
of data self-reported regarding their cases of cancer varied from specific (e.g. exact type of 
cancer, treatments undergone, location of cancer in the body, etc.) to general (e.g. only listed as 
reporting general “cancer”). A subsample of 150 individuals was randomly selected from the 
overall 302 for analysis. The subsample size was chosen for the current study to ensure the 
statistic significance and representativeness of the data, with this amount also constituting 
approximately 10% of the BDSC. However, due to limitations of availability, an individual was 
removed from the sample in the latter phases of the current study, resulting in a subsample size 
of n=149. Information about each individual included University of Tennessee identification 
number (UTID), sex, treatments undergone, general self-reported medical history, and 
accessioning notes with comments on observed pathological lesions. Using these data was 
conducive to differential diagnosis of observed skeletal lesions during data collection as the 
reported medical history and accessioning notes were utilized to exclude or provide support for 
possible pathological conditions present for each individual within the subsample.  
Regardless of data provided, no confirmation of any lesions was provided by official 
medical records for this study. Therefore, lesions could only be described as “consistent with” a 
certain type of pathological condition. However, this circumstance is not unlike forensic analysis 
in which an unknown skeleton is analyzed for signs of trauma or pathological conditions 
(SWGANTH, 2011; SWGANTH, 2012). An additional concern of the current study includes 
having known each individual in the sample had cancer of some kind prior to analysis. Because 
this analysis was aimed at determining the presence of macroscopic lesions of this type, knowing 
each individual self-reported this condition introduces the possibility of confirmation bias. To 
overcome this potential bias, criteria for determining whether a lesion was consistent with cancer 
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or not followed “classic examples” and descriptions of cancerous lesions as described in a 
variety of widely accepted volumes in the field of paleopathology (primarily Ortner, 2003; 
Aufderheide and Rodríguez-Martin, 2006; and Waldron, 2009). Additionally, the purpose of this 
study is not to determine the researcher’s accuracy in identifying cancer in the skeleton, but to 
determine the expression and location patterning of cancerous lesions in the sample to be used in 
generating likelihood ratios.  
Methods 
 The skeletons of 149 adult individuals of known pre-existing positive cancer status (70 
female and 79 male) were analyzed for the presence of macroscopic cancerous lesions. As cancer 
can potentially metastasize to any bone or location within the skeleton (Ortner, 2003; Brothwell, 
2012), the current study required analysis of each skeletal element available for every individual 
within the subsample. Each skeleton within the sample was individually analyzed one at a time 
in anatomical position after being unpacked from their respective BDSC storage. Visual analysis 
proceeded with the use of a data collection sheet designed for the purposes of the current study 
(see Appendix). The data collection sheet recorded the expression, location, remodeling activity, 
cancer type, treatments undergone, and general notes for each individual that was determined to 
exhibit lesions consistent with cancer during analysis. This data collection sheet also included a 
diagram with six views of the skull and a homunculus for additional recording of lesion location 
and accurate pattern description. After analyzing each skeleton for lesions, each individual 
marked as having visible lesions was reexamined to verify initial observations before 
photographing each skeletal element exhibiting suspect lesions. This second assessment yielded 
a low intraobserver error of 4% and is attributable to researcher inexperience at the start of 
analysis and data collection.  
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Skeletons from the subsample with observed lesions consistent with the diagnostic signs 
of cancer as described in Ortner (2003), Aufderheide and Rodríguez-Martin (2006), and Waldron 
(2009) are categorized as “positive”. However, cancerous lesions can possibly be confused with 
other pathological conditions of the skeleton (Ortner, 2003; Aufderheide and Rodríguez-Martin, 
2006). Therefore, a second category of “possible” contains those individuals who display lesions 
that cannot be excluded as non-cancerous nor explained by another pathological condition to 
dismiss the possibility. Together, the positives and possibles comprise the “overall” category. 
 Individual skeletal elements of the sample were analyzed for the presence of 
pathological activity on the surface of each bone. Upon discovering an abnormality of the 
skeleton, paleopathology resources were consulted to determine if a given lesion was consistent 
with classic pathological condition descriptions (see Table 4.1). This differential diagnosis was 
used to confirm or reject whether a given skeletal lesion was consistent with cancerous lesions, 
other pathological conditions, or taphonomic modification. Lesion attributes that most heavily 
weighed into the diagnosis of a hit or possible were the appearance, size, and location pattern of 
elements exhibiting lytic, prolific, or mixed activity. Large lytic lesions with a “hollow” or 
“moth-eaten” appearance located stochastically throughout a region of the skeleton were more 
likely to be considered positive than possible as this expression is common of metastasized bone 
cancer (Ortner, 2003; Aufderheide and Rodríguez-Martin, 2006; and Waldron, 2009). Similarly, 
large areas of bony proliferation with a “spongy” or “honeycomb” appearance located 
stochastically throughout a region of the skeleton were also more likely to be considered positive 
than possible as these expressions are also common of bone cancer (Ortner, 2003; Aufderheide 
and Rodríguez-Martin, 2006; and Waldron, 2009). Additional attention was given to the margins 
of each lesion as those resulting from cancerous lesions typically show little to no signs of  
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Table 4.1  Criteria consistent with “classic” macroscopic metastatic skeletal cancer† 
Lesion Aspect Criteria Consistent with Metastatic Cancer 
Appearance For lytic expression, cancerous lesions of the skeleton classically 
appear as “moth-eaten” holes on the surface of the bone. Blastic 
cancerous lesions classically appear as “spongy” or 
“honeycombed” proliferations of bone. Mixed lesion expression 
will classically display elements of both lytic and blastic 
expressions. 
Location Metastatic skeletal cancer most classically affects elements of the 
axial skeleton primarily in addition to components of the 
appendicular that closely articulate. Lesions affecting these regions 
are therefore more likely to be cancerous in origin. 
Pattern Cancerous lesions classically manifest stochastically within the 
skeleton such that bilateral involvement at precise locations of 
paired bones are uncommon. Therefore, paired bones exhibiting 
bilateral lesions are less likely to be representative of skeletal 
cancer. 
Margin Given the predominately rapid progression of classic metastatic 
cancer, lesions with little to no healing at the margins are more 
likely to be cancerous in origin. 




healing (Ortner, 2003; Aufderheide and Rodríguez-Martin, 2006; and Waldron, 2009). Lesions 
exhibiting only slight lytic, prolific, or mixed activity, especially those with bilateral expression, 
were evaluated against other possible pathological conditions, such as osteoarthritis, and were 
designated as possible if no other pathological condition could adequately account the presence 
of a given lesion. Each noted instance and lesion pattern is described in the recording sheet for 
each skeleton along with descriptions of additional pathological lesions or taphonomic activity 
that were determined to not be indicative of cancer. Additionally, skeletal elements missing from 
analysis for each individual were also recorded as these represent a potential loss of lesion 
pattern information for these individuals.  
 General periosteal reactions presented an issue of non-specificity that made these 
particular lesions difficult to categorize. Although periosteal reactions can be caused by cancer 
affecting the periosteum, these reactions are also indicative of many other pathological 
conditions and trauma, including a wide variety of diseases (Ortner, 2003; Aufderheide and 
Rodríguez-Martin, 2006). Medical records were not provided and therefore it could not be 
confirmed whether cancer would have been the most likely cause of each periosteal reaction or 
not. Due to this non-specificity, periosteal reactions alone in the skeleton did not qualify 
individuals as positive and required the presence of additional lesions consistent with cancer. As 
a result, the noted individuals in this study primarily consist of those with more diagnostic lesion 
expressions consistent with cancer.   
 The individuals considered positive or possible for exhibiting lesions consistent with 
cancer were subsequently classified by lesion expression, skeletal location, and overall pattern. 
Tables of the results were generated in Microsoft Excel and descriptive statistics were produced 
in RStudio to explore the occurrence of these lesions and overall prevalence in the subsample 
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from the BDSC. Data were then used to derive likelihood ratios expressing the unique nature of 
each pattern. The use of Bayesian models such as the likelihood ratio or Bayes’ factor is a 
growing methodology in the forensic field and are used to determine the “weight” of evidence 
and its effect on the posterior probability of courtroom decisions (Good, 1991; Aitken, 2006; 
Steadman et al., 2006; Morrison and Stoel, 2014 to mention a few). Following the lead of 
Steadman et al. (2006) and Figura (2011), the likelihood ratios generated by this study are 
intended for use in identification scenarios and are multiplicatively compatible with other 
likelihood ratios given their variables are independent. Novel case values for cancer patterns not 
represented by the current study were generated following use of both the “counting model” and 
“kappa model” (Brenner, 2010). By determining novel case values, patterns of lesions consistent 
with cancer may still be evaluated for uniqueness of expression despite not being present in this 
subsample of the BDSC.   
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Chapter 5: Results 
 The goal of this thesis was to determine the relative strength of cancerous lesion evidence 
when identifying skeletal remains in relation to an individual of known antemortem data. 
Quantitatively, the relative strength of these data is represented by Bayesian likelihood ratios for 
various factors including lesion expression types and overall pattern manifestation. This chapter 
presents these results as tables of likelihood ratios. In generating tables of these likelihood ratios 
for various categories regarding cancerous lesions of the skeleton, this research contributes to 
established likelihood ratio approaches for identification from skeletal remains (Steadman et al., 
2006). Using these tables, practitioners can determine likelihood ratios for cases in which 
recovered skeletal remains exhibiting lesions consistent with cancer match the antemortem 
records of an individual.  
Of the 149 individuals analyzed, 23 from the sample were noted as having lesions 
consistent with cancer. From these, 11 individuals were considered “positive”, exhibiting lesions 
consistent with “classic” manifestations of metastatic carcinoma (Ortner, 2003; Waldron, 2009; 
Aufderheide and Rodríguez-Martin, 2006). The other 12 noted individuals were considered 
“possible” and exhibited lesions that could not be excluded as non-cancerous in origin. These 
categories were treated as one group, as the lesions for the “possible” may reflect the presence of 
cancerous lesions and would have been equally visible in antemortem records. Of the 23 
individuals overall, lesions consistent with cancer affected both sexes nearly equally (13 female 
and 10 male).  
Within the individuals exhibiting lesions consistent with cancer, there were no instances 
of primary cancer recorded during differential diagnosis. Although button osteomas were 
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discovered, these were not considered for the current study as an individual may go their entire 
lives without this lesion type being recorded (Shanavas et al., 2013:106). As a result, all 23 
individuals in the sample exhibit macroscopic lesions consistent with metastatic carcinoma, 
being either lytic, blastic, or a combination (Ortner, 2003; Aufderheide and Rodríguez-Martin, 
2006; Waldron, 2009). Of the individuals noted for lesions, the most common types of self-
reported cancers were breast, lung, skin, and prostate (see Table 5.1), respectively. However, 
without confirmation it is impossible to tell with absolute certainty if the present lesions 
metastasized from the self-reported cancer type. Table 5.1 shows the types of cancer self-
reported by the noted individuals (N=23) with some of the individuals listing as afflicted by 
multiple cancer types.  
Bones affected most commonly amongst the individuals with lesions were the bones of 
the axial skeleton and lower limbs, specifically the cranium, vertebral column, ribs, pelvis, and 
femora (see Table 5.2). Few instances of lesions were identified for the appendicular skeleton 
with the exception of the femora, the lowest amount being found in the upper limbs. 
Additionally, no instances of lesions consistent with cancer were identified in the bones of the 
hands or feet. Table 5.2 lists skeletal elements exhibiting lesions in the noted individuals, with 
some individuals having multiple affected bones.  
Likelihood Ratio Patterns 
 Following analysis, these data were used to calculate Bayesian likelihood ratios reflecting 
the uniqueness of each expression and pattern for the sample. Likelihood ratios were calculated 
from broadest applicability (having cancerous lesions in general) to specific pattern instances. 
The data were subdivided by specific expressions and patterns exhibited by the sample to reflect 
the diagnostic potential of each pattern in correctly identifying individuals. In addition to the 
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creation of likelihood ratios from the sample, likelihood ratios dealing with novel cases were also 
calculated using both the counting model (LRC) and kappa model (LRκ) (Brenner, 2010). 
Likelihood ratios were derived by dividing the number of instances in which lesions consistent 
with cancer were not present by the instances in which lesions were distinguished (Equation 5.1). 
For the novel case likelihood ratio values, variable Y in the counting model represents the 
instances of a novel lesion pattern unidentified in the original sample, or 0, (Equation 5.2) and 
variable X in the kappa model represents the amount of unique lesion patterns that occur once, 
and only once, present in each of the proceeding tables (Equation 5.3). 
Equation 5.1 Likelihood ratio for lesions consistent with cancer 




Equation 5.2 Counting model likelihood ratio 




Equation 5.3 Kappa model likelihood ratio 







Table 5.1  Cancer types self-reported in sub-sample 



















Table 5.2  Individual bones affected per individual with lesions 


































Table 5.2  Continued 







The likelihood ratio for macroscopic lesions consistent with cancer in the sample is 5.48, 
or that it is 5.48 times more likely that a skeleton with any visible cancerous lesions matches a 
specific individual previously known to have any kind of visible cancerous lesion over a 
randomly found individual. Higher likelihood ratios were derived with increasing specificity of 
the data, increasing when noted individuals were split by expression type or pattern. A blastic 
lesion expression was found to be more diagnostic for identification given the low occurrence 
rate within the sample (see Table 5.3). Table 5.3 reflects the probability of correct identification 
solely on the expression of the lesions consistent with cancer and no other information. Because 
of this, novel case likelihood ratio values were not calculated as bone can only react in one of 
these three manners (Stout and Crowder, 2012). Bones affected by lesions were subdivided into 
regions, including the skull (cranium and mandible), thorax (vertebrae, ribs, sternum, clavicles, 
and scapulae), pelvis (os coxae and sacrum), upper limbs (upper appendages), and lower limbs 
(lower appendages). Likelihood ratios were derived from the instances of lesions occurring in 
each region, with multiple regions possible for noted individuals (see Table 5.4). Again, novel 
case likelihood ratio values were not calculated for these tables as skeletal cancer can only occur 
in these regions. 
Lesion patterns were sorted by skeletal region, with likelihood ratios recorded for having 
any lesion expression type in these locations (see Table 5.5). Novel case likelihood ratio values 
for these indicate the probability that an individual with a unique pattern not occurring in the 
sample would match to a skeleton reflecting the same pattern (e.g. Pelvis and Lower Limbs in 
the current study) over a randomly found individual. These likelihood ratios were further 
subdivided to account for lesion expression by region of the skeleton, increasing the likelihood 
ratios and novel case values overall (see Table 5.6).  
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Table 5.3  Likelihood ratios for general lesion expression 
Lesion Expression # in Sub-Sample LR 
Lytic 12 11.42 
Blastic 1 148 
Both 10 13.9 
LRC = N/A LRκ = N/A  
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Table 5.4  Likelihood ratios for lesions by skeletal region 
Skeletal Region Lesion Count by Region LR 
Skull 10 13.9 
Thorax 15 8.93 
Pelvis 12 11.42 
Upper Limbs 4 36.25 
Lower Limbs 9 15.56 




Table 5.5  Likelihood ratios for lesions by regional pattern 
Skeletal Region Pattern Pattern Occurrences  LR  
Skull 2  73.5  
Skull, Thorax 1  148  
Skull, Thorax, Pelvis 2  73.5  
Skull, Pelvis, Lower Limbs 2  73.5  
Skull, Thorax, Pelvis, Upper 
Limbs 
1  148  
Skull, Thorax, Pelvis, Lower 
Limbs 
1  148  
Skull, Thorax, Pelvis, Lower 
Limbs, Upper Limbs 
1  148  
Thorax 2  73.5  
Thorax, Pelvis 2  73.5  
Thorax, Lower Limbs 3  48.62  
Thorax, Pelvis, Lower Limbs 1  148  
Thorax, Lower Limbs, Upper 
Limbs 
1  148  
Pelvis 2  73.5  
Lower Limbs 1  148  
Upper Limbs 1  148  




Table 5.6  Likelihood ratios for lesion expression by skeletal regions  
Body Region Pattern Pattern Expression Pattern Occurrences LR 
Skull Lytic 2 73.5 
Skull, Thorax Lytic 1 148 
Skull, Thorax, Pelvis Lytic 1 148 
Skull, Thorax, Pelvis Both 1 148 
Skull, Pelvis, Lower 
Limbs 
Both 1 148 
Skull, Pelvis, Lower 
Limbs 
Lytic 1 148 
Skull, Thorax, Pelvis, 
Upper Limbs 
Both 1 148 
Skull, Thorax, Pelvis, 
Lower Limbs 
Lytic 1 148 
Skull, Thorax, Pelvis, 
Lower Limbs, Upper 
Limbs 
Both 1 148 
Thorax Lytic 1 148 
Thorax Blastic 1 148 
Thorax, Pelvis Both 1 148 
Thorax, Pelvis Blastic 1 148 
Thorax, Lower Limbs Lytic 2 73.5 
Thorax, Lower Limbs Both 1 148 
Thorax, Pelvis, Lower 
Limbs 
Both 1 148 
Thorax, Lower Limbs, 
Upper Limbs 
Both 1 148 
Pelvis Lytic 2 73.5 





Table 5.6  Continued 
Body Region Pattern Pattern Expression Pattern Occurrences LR 
Upper Limbs Lytic 1 148 
LRC = 149 LRκ = 172.1 
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Likelihood ratios representing specific skeletal elements with any given lesion expression 
were also calculated along with appropriate singleton likelihoods (see Table 5.7). Finally, 
likelihood ratios and singleton likelihoods were calculated for skeletal elements in regards to 
specific lesion manifestation (see Table 5.8). Finally, likelihood ratios and novel case likelihood 
ratio values were calculated for specific sided skeletal elements by lesion manifestation (see 
Table 5.9). The current study dealt primarily with whole bones, therefore unpaired bones along 
the sagittal plane were designated as midline bones (M) opposed to paired bones of the right (R) 
or left (L) side. 
Summary of Results 
 Overall, the likelihood ratio tables reflect the varying levels of evidentiary strength and 
weight for their respective criteria when using macroscopic skeletal lesions consistent with 
cancer in an established identification framework. With the addition of novel case values for 
each table where applicable (LRC and LRκ), these data also include likelihood ratio values for 
patterns or manifestations that fall within the stated criteria, but were not present in the current 
study’s available sample.   
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Table 5.7  Likelihood ratios for skeletal elements affected by any lesion  
Bone(s) # Affected with Lesions LR 
Frontal 7 20.29 
Parietal 4 36.25 
Occipital 6 23.83 
Temporal 4 36.25 
Sphenoid 3 48.67 
Maxilla 1 148 
Zygomatic 2 73.5 
Mandible 1 148 
C1 3 48.67 
C2 3 48.67 
C3-C6 4 36.25 
C7 4 36.25 
T1 5 28.5 
T2-T9 7 20.29 
T10 2 73.5 
T11 3 48.67 
T12 2 73.5 
L1-L5 7 20.29 
R1 3 48.67 
R2 2 73.5 
R3-R10 8 17.63 
R11-R12 5 28.5 
Clavicle 3 48.67 
Scapula 7 20.29 
Sacrum 4 36.25 
Ilium 9 15.56 
Ischium 6 23.83 
Pubis 3 48.67 
Humerus 4 36.25 
Femur 8 17.63 
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Table 5.7  Continued  
Bone(s) # Affected with Lesions LR 
Tibia 2 73.5 
Fibula 1 148 




Table 5.8  Likelihood ratios for skeletal elements by lesion expression 
Bone(s) Lesion Expression # Occurrences LR 
Frontal Lytic 6 23.83 
Frontal Both 1 148 
Parietal Lytic 4 36.25 
Occipital Lytic 4 36.25 
Occipital Blastic 1 148 
Temporal Lytic 2 73.5 
Sphenoid Lytic 2 73.5 
Sphenoid Both 1 148 
Maxilla Lytic 1 148 
Zygomatic Lytic 3 48.67 
Mandible Both 1 148 
C1 Lytic 3 48.67 
C2 Lytic 3 48.67 
C3-C6 Lytic 4 36.25 
C7 Lytic 4 36.25 
T1 Lytic 5 28.5 
T2-T9 Lytic 7 20.29 
T10 Lytic 2 73.5 
T11 Lytic 3 48.67 
T12 Lytic 2 73.5 
L1-L5 Lytic 6 23.83 
L1-L5 Blastic 1 148 
R1 Blastic 1 148 
R1 Both 2 73.5 
R2 Both 2 73.5 
R3-R10 Lytic 2 73.5 
R3-R10 Blastic 3 48.67 
R3-R10 Both 3 48.67 
R11-R12 Lytic 1 148 
R11-R12 Both 4 36.25 
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Table 5.8  Continued 
Bone(s) Lesion Expression # Occurrences LR 
Clavicle Lytic 2 73.5 
Clavicle Both 1 148 
Scapula Lytic 6 23.83 
Scapula Both 1 148 
Sacrum Lytic 2 73.5 
Sacrum Blastic 1 148 
Sacrum Both 1 148 
Ilium Lytic 5 28.5 
Ilium Blastic 1 148 
Ilium Both 3 48.67 
Ischium Lytic 3 48.67 
Ischium Both 2 73.5 
Pubis Lytic 1 148 
Pubis Both 2 73.5 
Humerus Lytic 3 48.67 
Humerus Both 1 148 
Femur Lytic 7 20.29 
Femur Both 1 73.59 
Tibia Blastic 1 148 
Tibia Both 1 148 
Fibula Both 1 148 




Table 5.9  Likelihood ratios for sided skeletal elements by lesion expression 
Bone(s) Side (M, L, R) Lesion Expression # Occurrences LR 
Frontal M Lytic 6 23.83 
Frontal M Both 1 148 
Parietal R Lytic 3 48.67 
Parietal L Lytic 4 36.25 
Occipital M Lytic 4 36.25 
Occipital M Blastic 1 148 
Temporal L Lytic 2 73.5 
Sphenoid M Lytic 2 73.5 
Sphenoid M Both 1 148 
Maxilla M Lytic 1 148 
Zygomatic L Lytic 2 73.5 
Zygomatic R Lytic 1 148 
Mandible M Both 1 148 
C1 M Lytic 3 48.67 
C2 M Lytic 3 48.67 
C3-C6 M Lytic 4 36.25 
C7 M Lytic 4 36.25 
T1 M Lytic 5 28.5 
T2-T9 M Lytic 7 20.29 
T10 M Lytic 2 73.5 
T11 M Lytic 3 48.67 
T12 M Lytic 2 73.5 
L1-L5 M Lytic 6 23.83 
L1-L5 M Blastic 1 148 
R1 L Blastic 1 148 
R1 R Both 2 73.5 
R1 L Both 2 73.5 
R2 R Both 2 73.5 
R2 L Both 2 73.5 
R3-R10 R Lytic 3 48.67 
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Table 5.9  Continued 
Bone(s) Side (M, L, R) Lesion Expression # Occurrences LR 
R3-R10 L Lytic 2 73.5 
R3-R10 R Blastic 2 73.5 
R3-R10 L Blastic 1 148 
R3-R10 R Both 2 73.5 
R3-R10 L Both 2 73.5 
R11-R12 R Lytic 2 73.5 
R11-R12 L Lytic 1 148 
R11-R12 R Both 2 73.5 
R11-R12 L Both 3 48.67 
Clavicle R Lytic 1 148 
Clavicle R Both 1 148 
Clavicle L Both 1 148 
Scapula R Lytic 5 28.5 
Scapula L Lytic 3 48.67 
Scapula R Both 1 148 
Scapula L Both 1 148 
Sacrum M Lytic 2 73.5 
Sacrum M Blastic 1 148 
Sacrum M Both 1 148 
Ilium R Lytic 3 48.67 
Ilium L Lytic 3 48.67 
Ilium L Blastic 1 148 
Ilium R Both 1 148 
Ilium L Both 1 148 
Ischium R Lytic 1 148 
Ischium L Lytic 2 73.5 
Ischium R Both 1 148 
Ischium L Both 1 148 
Pubis R Lytic 1 148 
Pubis R Both 1 148 
75 
 
Table 5.9  Continued 
Bone(s) Side (M, L, R) Lesion Expression # Occurrences LR 
Pubis L Both 1 148 
Humerus R Lytic 1 148 
Humerus L Lytic 2 73.5 
Humerus R Both 1 148 
Humerus L Both 1 148 
Femur R Lytic 5 28.5 
Femur L Lytic 2 73.5 
Femur R Both 1 148 
Femur L Both 1 148 
Tibia L Blastic 1 148 
Tibia R Both 1 148 
Tibia L Both 1 148 
Fibula R Both 1 148 
Fibula L Both 1 148 





Chapter 6: Discussion 
 The previous chapter presented results of likelihood ratios calculated for lesions 
consistent with cancer from a variety of patterns to determine the probative value of these lesions 
when identifying an individual of known antemortem pattern. By using likelihood ratios, or 
Bayes’ factors, forensic practitioners can intuitively model the probability of qualitative evidence 
for the purposes of personal identification in a way that is easily understandable to the lay-
person. The strength of this methodology, however, lies in the multiplicative potential of these 
and other likelihood ratios representing independent elements of an individual profile such as 
sex, age, stature, dental pattern, etc. (Steadman et al., 2006). In this way, using likelihood ratios 
numerically represents the intuitive idea that the more skeletal evidence that matches an 
individual profile, the more likely it is that the skeleton belongs to that individual. However, 
these likelihood ratios can also lower the value of a likelihood ratio for identification if the 
antemortem records and postmortem evidence fail to match as expected. This chapter discusses 
the interpretation and utility of likelihood ratios and presents a variety of examples 
demonstrating their use in instances of high and low probabilities of identification to reflect how 
such methods could be utilized in a real-life setting. 
Likelihood Ratios: Patterns and Expressions 
 The current study further demonstrates the utility of using a likelihood ratio approach to 
determine the evidentiary strength of a correct identification. Despite the potential temptation to 
present these likelihood ratios as posterior probabilities, these data reflect only a single aspect of 
an identification (the anthropological determination of the presence of lesions consistent with 
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cancer) and that more evidence goes into making an individual identification (e.g. circumstantial 
evidence, testimonies, etc.). 
 Likelihood ratios for lesions consistent with cancer can be used in multiple ways 
dependent on completeness of skeletal remains and antemortem records. As a result, despite the 
wide variety of approaches presented in this thesis, the use of these likelihood ratios is highly 
dependent on completeness of skeletal recovery. Likelihood ratios for this thesis were divided 
into three tiers of specificity, similar to Adams’s categories of general and specific with dental 
data (2003b). These tiers, including general, patterned, and singular, are intuitive descriptive 
categories that can be easily understood by both the practitioner and the lay-person.  
At its most basic level, the likelihood ratio for any kind of lesion consistent with cancer 
anywhere in the skeleton can be used, but this represents the lowest possible value. For this 
likelihood ratio, simply having known that the individual had any kind of secondary skeletal 
cancer regardless of location suffices for its use. However, the likelihood ratios can be more 
specific with the addition of more information. If the expression is known, but not the skeletal 
element, the general likelihood ratios can be utilized for the individual, increasing the likelihood 
ratio value based on added information. With a complete or mostly complete skeleton, patterns 
of skeletal lesions can be represented with further diagnostic value. In the current study for the 
patterned likelihood ratios, the skeleton was divided into regions of the skull, thorax, pelvis, 
upper limbs, and lower limbs with lesion patterns being based on these divisions. Therefore, if an 
individual was known to have secondary cancer present anywhere in the skull or thorax, this 
constituted a diagnostic pattern. Likelihood ratio values are further increased with the addition of 
information regarding lesion expression.  
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For instances in which the skeleton is not complete, nor mostly complete, likelihood 
ratios for lesions consistent with cancer in individual skeletal elements were calculated. For these 
singular likelihood ratios, even a single skeletal element showing a lesion consistent with cancer 
can be used in identification if antemortem records indicate the bone was affected. Therefore, 
likelihood ratios were calculated representing a situation in which the skeletal element is known, 
but not lesion expression, as well as likelihood ratios for knowing the bone affected and lesion 
expression, and last ratios representing the sided bone being known with expression of lesions. 
However, as many individuals exhibit multifocal lesions consistent with cancer, it should be 
noted that these singular likelihood ratios are not multiplicative with each other. The presence of 
these lesions in a single individual is presumptively due to the same cause. Therefore, 
multiplying them together would violate the rule of independence required for the multiplicative 
combination of likelihood ratios that is present when combing independent variables such as 
fracture patterns and sex (Steadman et al., 2006).  
With the variety of likelihood ratios at the disposal of the anthropologist, the question of 
which likelihood ratios should be used and when is highly dependent upon antemortem records 
and the amount of skeletal material present. The more information that is known, the more 
specific the likelihood ratio should be that is used. For example, if the skeleton of an individual 
is mostly complete and the pattern and expression of lesions consistent with cancer can be 
identified, the patterned likelihood ratios with expression should be reported rather than the 
likelihood ratio for just lesion expression without patterning. This would, however, also depend 
on the antemortem records showing both patterning and expression being present. In cases where 
only one skeletal element was known to have been affected (e.g. the frontal) and a 
complete/mostly complete individual with only a lesion on the frontal is discovered, the 
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patterned likelihood ratio for the skull should be used rather than the singular likelihood ratio for 
the isolated element given that most of the skeleton was present for analysis. Further potential 
complications when using these likelihood ratios are addressed in the following hypothetical 
examples:  
Example 1: 
An individual of known antemortem records had cancerous lytic lesions in the femur, 
lumbar vertebrae, and frontal. However, only the post-crania are recovered and available for 
analysis during which lesions consistent with cancer and their expression are noted. In this 
instance, neither the pattern likelihood ratios nor the single skeletal element ratios should be used 
as the skeleton is not complete, nor can individual elements be multiplied together. Therefore, 
the use of the general lytic lesion likelihood ratio would be most appropriate in this scenario for 
the suspected identification, despite having a smaller likelihood ratio value than the patterned 
and singular likelihood ratios.  
Example 2: 
 Another individual of known antemortem records had cancerous lesions of mixed activity 
present on the right ilium, right ischium, left ilium, and sacrum. However, only the right os coxa 
and sacrum are recovered. During analysis, lesions consistent with cancer are located. In this 
case, the use of the patterned likelihood ratios with lesion expression would still be valid as all 
three bones fall under the category of ‘pelvis’ and should be utilized instead of the general or 






 A third individual of known antemortem records had cancerous lytic lesions on the left 
ribs 7, 8, and 9. With this individual, very few elements were recovered and analyzed, including 
the cranium, right humerus, and left ribs showing lytic lesions consistent with cancer. In this 
case, the singular likelihood ratio for sided individual elements (R3-R10) by expression should 
be used as the skeleton is not complete, nor nearly complete (as needed for patterned) and the 
individual of suspected identification was only known to have lesions in this region. In this case, 
without the rest of the skeletal elements, it is impossible to declare that other regions did not 
have lesions consistent with cancer.  
Example 4: 
 Finally, a fourth individual of known antemortem records had cancerous blastic lesions 
present throughout the vertebrae, ribs, os coxae, and on the proximal femora. During recovery 
and analysis of an individual possibly matching in identity, only the right os coxae is found and 
exhibiting lesions consistent with cancer. However, this pattern is not present in the current 
study. In this case, the singular likelihood ratio, using a novel case value (LRC or LRκ), by lesion 
expression would be most appropriate as only a single bone exhibits lesions consistent with 
cancer.   
Likelihood Ratios: Cancerous Lesions 
 The current study examines the intuitive notion that some aspects of an individual profile 
contribute more to an identification than others. For cancer rates, many of the patterned results 
were found only once in the sample and therefore represent a single individual within. This 
follows the reality that skeletal patterns of macroscopic cancer lesions can be highly diagnostic 
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of an individual given that skeletal cancer itself is a relatively rare phenomenon, primary or 
secondary (Waldron, 2009; Ortner, 2003). As such, the patterned likelihood ratio values in the 
current study logically have higher values than more general variables of an individual profile, 
such as an individual’s sex, age, and stature (Steadman et al., 2006). However, the sample size of 
the current study limits these likelihood ratios to a maximum value of N-1, thereby artificially 
capping the evidentiary utility of lesions consistent with cancer to be much less than those 
achieved by dental record likelihood ratios with larger reference samples (Steadman et al., 2006; 
Adams, 2003a; OdontoSearch, 2003).  
 To demonstrate how the accumulation of evidence in favor of a certain identification is 
represented using likelihood ratios, I will demonstrate the addition of reinforcing data with the 
likelihood ratios presented by Steadman et al. (2006). In their example, the antemortem records 
of “Mr. Johnson” and the skeletal evidence presented achieved a likelihood ratio of about 3.14 
million, or that it was 3.14 million times more likely that the suite of characteristics present 
would be found if the skeleton was Mr. Johnson than a random individual who happened to have 
the exact same characteristics. While this study already demonstrated the multiplicative potential 
of likelihood ratios representing skeletal data, the inclusion of more independent variables 
increases the overall likelihood ratio further still. If, for example, an individual went missing and 
whose antemortem records were similar to that of Steadman et al.’s (2006) Mr. Johnson. 
However, in addition to Mr. Johnson’s characteristics, this individual was also known to have 
been affected by lytic secondary cancerous lesions in the frontal, thoracic vertebrae, right pubis, 
and left pubis. Following recovery, each of the skeleton’s characteristics, including the lesions 
consistent with cancer, are analyzed and given likelihood ratios representing the probability of a 
correct identification for this new individual. As the individual matches the profile of Mr. 
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Johnson (Steadman et al., 2006), the likelihood ratio would again be approximately 3.14 million. 
However, with the inclusion of the patterned likelihood ratio (in this case 148), the final 
likelihood ratio would be approximately 464.72 million, or that it is 464.72 million times more 
likely that the overall suite of characteristics would be found with this individual’s skeleton than 
by chance with another missing person’s remains. By adding a new independent category 
representing an aspect of an individual’s profile, the overall value of the likelihood ratio 
increases dramatically. This increased confidence also reflects the intuitive increase in 
“sureness” that could only be communicated qualitatively before the publication of Steadman et 
al. (2006) (Cunha, 2006).  
 While likelihood ratios have the multiplicative potential to generate extremely high-
valued likelihood ratios representing the probability of supporting an identification, these 
likelihoods can also be used to lower an overall likelihood ratio value based on the skeletal 
evidence. For example, an individual matching the biological characteristics of Mr. Johnson 
(Steadman et al., 2006) with the addition of having lytic cancerous lesions present in the skull 
and thorax goes missing. Following recovery of a mostly complete skeleton, these remains are 
analyzed and match every characteristic of the profile (i.e. the likelihood ratio is again 
approximately 3.14 million) except that no cancerous lesions are detected. Given the absence of 
the lesions, despite the correct skeletal elements being present, instead of multiplying the 
patterned likelihood ratio as a numerator (148), the value would be placed in the denominator as 
evidence against the possible identification. This would therefore lower the likelihood ratio from 
approximately 3.14 million to approximately 21,200, much lower than the original likelihood 
ratio value and representative of the doubt introduced into the analysis and how this effects the 
“strength” or “weight” of the evidence. 
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 The use of likelihood ratios in court provide an easily understood method of 
communicating the probability of an identification to the lay-people of the jury (Good, 1991; 
Taroni et al., 2010; Steadman et al., 2006). Additionally, the use of likelihood ratios to support 
an identification has potential in scenarios in which human rights violations occur. Within areas 
of limited access to DNA matching technology, likelihood ratios could be applied in making 
statistically supported identifications. However, issues of how these data are to be interpreted are 
still unresolved. For instance, there is not a set value a likelihood ratio needs to be to claim a 
possible identification is “highly likely” or “unlikely.” Does a likelihood ratio for an 
identification need to pass a certain threshold to be considered a possibility or should the 
likelihood ratios simply be presented regardless of value? Relatedly, is there a limit (artificial or 
otherwise) to how specific likelihood ratios can, or should, be? Therefore, although the 
qualitative evaluation of a likely identification can be modelled quantitatively through likelihood 
ratios, the necessity of interpretation remains a significant factor for courts and identification 
scenarios.  
Practical Considerations 
Several limitations are present within the current study relating to the sample, 
methodology, and nature of cancerous lesions. These likelihood ratios are highly influenced by 
the sample population. Given the overall geriatric makeup of the BDSC (Steadman, 2016, 
personal communication), sample bias affects this study in that there is an overrepresentation of 
lesions consistent with cancer than would be expected in the general US population. This is not 
necessarily a disadvantage as the likelihood ratios for this characteristic would therefore be 
expected to be larger and more indicative of an individual than the current study shows. 
Therefore, the use of multiple comparable samples would result in more accurate likelihood 
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ratios that better reflect the overall population at large. Additionally, the current study focuses 
exclusively on modern Americans and these associated likelihood ratios may not be appropriate 
for overall frequency of lesions consistent with cancer or for historic groups. For different 
populations, however, this study provides proof of concept for potential implementation abroad 
when analyzing macroscopic lesions consistent with cancer. 
In addition to sample bias, the study potentially suffers from confirmation bias on the part 
of the researcher. As the focus of this thesis was the generation of likelihood ratios representing 
lesions consistent with cancer, each individual within the study sample was known to have 
previously self-reported cancer of any kind at any time of their lives. Knowing beforehand that 
the sample comprised of geriatric individuals reporting having had cancer possibly affected the 
researcher’s bias in the differential diagnosis of the various macroscopic lesions in each set of 
remains. However, anthropologists analyzing remains for identification may not always be 
ignorant of a missing individual’s profile to which they are potentially matching a skeleton. In 
this case, such an individual would also be at risk of confirmation bias for lesions consistent with 
cancer in addition to a host of other variables associated with analysis of the remains.  
Related to the possible confirmation bias, the non-standardized differential diagnosis 
method of comparison to “classic cases” used by the researcher for lesions consistent with cancer 
introduces issues of replicability and does not have a known rate of error. Unlike the likelihood 
ratios generated for dimensions such as sex, age, stature, and ancestry (Steadman et al., 2006; 
Konigsberg et al., 2008; Konigsberg et al., 2009) the likelihood ratio for pathological condition 
differential diagnosis does not have an associated error rate due to the difficulty in determining 
epidemiological sensitivity and specificity in paleopathology (Boldsen and Milner, 2012). 
Without exact records confirming a given lesion was or was not caused by cancer, the current 
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study completely negates the possibility of a false positive. Records showing these data, 
however, were not available for the current study and possibly does not exist for individuals 
within the sample. Therefore, although having perfect information about the ability of 
anthropologists to successfully perform differential diagnosis of pathological lesions would 
provide better results and likelihood ratios, it is not currently possible to determine.  
The current study is limited as well by the type of data collected for each lesion 
consistent with cancer. Although lesion location and expression were noted, more specific 
likelihood ratios considering the exact size of affected area, condition of lesion margins, 
presence of healing, or the number of lesions on a given bone could potentially be generated. As 
such, the most specific likelihood ratios generated by this thesis result from the uniqueness of 
skeletal pattern and rarity of expression type alone, sacrificing the potentially increased 
likelihood ratios for these other more specific attributes. Looking at these would also make 
intuitive sense, as the more information that is available for identification, the more likely a 
correct identification becomes. For example, having remains consistent with an individual 
known to have been affected by lytic lesions in the frontal is not as diagnostic as matching to the 
exact number of lesions (unifocial/multifocal) with the same level of healing 
(active/sclerotic/healed) and identical lesion dimensions. By not taking these data regarding 
overall pattern into account, the current study limits the probative value of lesions consistent 
with cancer in making an identification from skeletal remains. However, as demonstrated by 
Adams (2003b), the addition of more detailed criteria does not necessarily yield better results. 
Therefore a comparison of this method to one in which more detailed criteria are utilized would 
be beneficial for the utility of this method.  
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Finally, the current study is limited in its ability to be combined with possible future 
likelihood ratios, primarily those in which skeletal lesions can have a common cause. This 
potentially could affect likelihood ratio choice for viral infections that increase the risk of 
skeletal cancer. For example, using the link between tuberculosis and lung cancer (Vento and 
Lanzafame, 2011), an individual goes missing that was known to have lung cancer induced by 
tuberculosis that metastasized to the skeleton. Then, recovered skeletal remains suspected to 
match this individual are found to exhibit lesions from both pathological conditions. In this case, 
it would not be appropriate to combine likelihood ratios for these pathological conditions as the 
lesion producing processes in this case are not independent of each other.  Additionally for 
possible future studies involving pathological lesions, potential lesions that cannot be 
differentiated from other conditions may also compromise the independence of the likelihood 
ratios presented here.  
Future Directions 
 Future studies involving the use of pathological conditions and likelihood ratios would 
benefit by utilizing multiple skeletal samples of comparable demographic makeup that better 
represents the population at large in question to overcome the issue of sample bias. Further, the 
issue of possible confirmation bias could be alleviated by employing multiple researchers in a 
blind examination of pathological conditions to independently determine the presence of possible 
lesions. As such, the current study could be used in an identification scenario, though in a 
capacity that acknowledges the practical considerations regarding associated biases.   
Additionally, the standardization of assessment for pathological conditions, either by 
standardization of forms or prescribed use of certain resources for consistency would be 
beneficial for implementing this system across multiple researchers and skeletal collections, as 
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well as replicating the values presented in the current study. The need for defined criteria by 
which to note individuals with lesions consistent with cancer would allow for consistency 
between studies so that the method of identification does not depend solely on individual 
expertise. This would then allow data to be compared and combined with data from other 
comparable collections. Also, using larger samples would increase the overall likelihood ratios 
for lesions consistent with cancer as they are currently limited by sample size and not as 
diagnostic as would be expected given the rarity of skeletal cancerous lesions in the general US 
population (Waldron, 2009). Finally, by continuing to expand the suite of independent likelihood 
ratios that can be used, including those for other pathological condition types, could further 
increase the overall utility of likelihood ratios to supporting correct identifications (Steadman et 
al., 2006; Konigsberg et al., 2008; Konigsberg et al., 2009; Figura, 2011).  
A future area of study I wish to pursue along the research presented in this thesis is the 
examination of likelihood ratios as a potential for identifying individuals of mass atrocity in 
areas affected by the violations of human rights. Such cases would involve the evaluation of 
skeletal evidence, eyewitness testimony, family recollections, and activities such as clothing 
recognition (Baraybar, 2008) within a framework built on a Bayesian approach to identification. 
Although DNA databases are common in the United States, this is not necessarily the case across 
the rest of the world. In many places, the technology and means of acquiring this type of data is 
far from a reality. Unfortunately, it has typically been in locations such as these that human 
rights violations, such as genocide and/or mass graves, have been most likely to occur following 
World War II, often resulting in high fatalities with limited means of performing victim 
identification. Examples of relatively recent scenarios highlighting this problem include conflicts 
in the former Yugoslavia (Wright, 2010:103) and in East Timor (Blau and Skinner, 2005:452-
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453). In these examples, typically the only evidence found is the bodies themselves along with 
whatever they had on them at the time of their death. Therefore, anthropological methods of 
identification using a biological and cultural profile often are the only recourse to DNA (Birkby 
et al., 2008), “combining witness testimony, personal effects and clothing, anthropological, and 
dental data to corroborate or exclude the identity of an individual” (Baraybar, 2008:533). Using 
likelihood ratios, anthropologists can present a quantitative measure of certainty of an 
identification, aiding in the process of reconciliation in areas where mass atrocity or disaster has 
taken place and families desire the return of loved one’s remains. While the data generated from 
mass disasters or human rights violations are not always fated to be presented in court or an 
international tribunal, having the quantitative certainty of the likelihood ratios could be 
convincing evidence in the absence of DNA (though certainly not replacing DNA) to corroborate 
the recollections of victim’s families in battling the historical revisionism that often follows in 
the wake of mass atrocity (Wright, 2010:103-104; Blau and Skinner, 2005:459). 
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Chapter 7: Conclusions 
 Forensic anthropologists are consistently confronted with the need to identify skeletal 
remains and determine the validity of possible identifications. Whether the evidence is presented 
to local courts or international tribunals, the need for scientifically supported, reliable methods of 
identification is undeniable. Despite the high diagnostic potential of skeletal lesions in making 
identifications as shown by Steadman et al. (2006), few studies have undertaken a probabilistic 
approach to determine the probative value of pathological conditions of the skeleton. By taking a 
Bayesian approach to identification, likelihood ratios better model the intuitive way in which 
traditional methods of identification have been previously made using anthropological data. 
 The current study supports the hypothesis that macroscopic lesions consistent with cancer 
in the skeleton can be highly diagnostic of an individual. By considering the etiology of skeletal 
cancer and accurately identifying consistent lesions in the skeleton, matches from antemortem 
records can be matched to the postmortem anthropological data. In this way, the use of these 
lesions reflects the use of dental radiographs in making correct identifications within a forensic 
context. An additional benefit of this research is the multiplicative potential of these lesions to be 
used with existing likelihood ratios, producing comprehensive likelihood ratios reflecting the 
evidentiary strength of skeletal material and analysis overall (Steadman et al., 2006; Konigsberg 
et al., 2008; Konigsberg et al., 2009; Figura, 2011).  
 This research supports lesion patterning across the skeleton as having the highest 
diagnostic potential when examining complete/mostly complete remains, producing increased 
likelihood ratios in comparison to general lesion expressions. However, for cases in which a 
complete skeleton is unavailable, likelihood ratios representing individual elements can also be 
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utilized to support a potential identification. The use of skeletal patterns, individual elements, 
and general expressions provide a variety of options for using lesions consistent with cancer in 
scenarios where complete recovery of remains may not be possible, such as with human rights 
violation or mass disaster scenarios. By allowing for a variety of ways in which these likelihood 
ratios can be utilized, these probabilistic methods can provide quantitative support in cases where 
DNA matching is not available.  
In closing, this research supports a larger identification framework and serves as a proof 
of concept for other characteristics of the skeleton that have potential diagnostic value, such as 
metabolic disease, trauma patterns, and infectious disease to name a few. Additionally, by further 
embracing Bayesian methods in forensic anthropology, the field is better equipped to fulfill the 
evidentiary guidelines set by the Daubert ruling (Christensen and Crowder, 2009). Quantitative 
methods using likelihood ratios and Bayes’ factors provide results that are easily understood, 
allowing forensic anthropologists to better communicate the evidentiary weight and strength of 
skeletal material in court. Ultimately, this research supports the traditional approach to 
pathological analyses taken by forensic anthropologists in a quantitative manner to improve 
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